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ABSTRACT
Estimation and Consequences of Asymmetric Dispersal
on the Genetics of Coastal Marine Organisms in 1-D
Habitats
By
Kyle G. Teller
University of New Hampshire, May 2022
Many natural populations have a dispersal that is biased in one direction (asymmetric
dispersal), due to physical factors in the environment such as currents in the ocean that transport
larvae or winds that carry seeds. These physical factors create a preferred direction for offspring
to be carried (the “downstream” direction). When there is asymmetric dispersal there are two
parameters that define the dispersal distance, the mean downstream distance, and the standard
deviation of dispersal distances. This present research analyzes the effects of the mean
downstream dispersal distance and standard deviation of dispersal on the genetic diversity and
gene flow of a population as well as generating new statistical techniques to quantify dispersal
from genetic distances. In chapter 2, the effects of asymmetric dispersal on a population are
analyzed by deriving equations for the time and location of the most recent common ancestor.
These equations are dependent on the mean downstream distance and the standard deviation. The
equations are verified using a numeric simulation of a population with asymmetric dispersal.
These equations show that the average location of the most recent common ancestor is in the
xiii

upstream edge of the habitat and the average time to the most recent common ancestor is
decreased when there is asymmetric dispersal. In chapter 3, existing genetic techniques that use
isolation by distance to estimate dispersal distance are analyzed and shown to fail at estimating
both parameters of dispersal when the dispersal is asymmetric. In chapter 4 a new statistical
technique is developed that relies on sampling the alleles of a population both spatially and
temporally. Equations for the mean and standard deviation of genetic distances in time are
derived and used in an approximate Bayesian computation rejection algorithm to estimate the
mean downstream distance and the standard deviation. The robustness of the estimation is
verified for increasing population sizes and the number of loci used as well as when sampling in
time and space. Overall, when there is asymmetric dispersal between offspring and parents the
genetic diversity of the population becomes dependent on the mean downstream dispersal and
the standard deviation of dispersal distances. Existing estimates of dispersal that use isolation by
distance fail to estimate both dispersal parameters well. By using both spatial and temporal data,
estimates of the mean downstream dispersal distance and standard deviation of dispersal
distances can be made.

xiv

Chapter 1
Introduction
Dispersal is the ecological process in which offspring move away from their place of
birth and make up a new generation of individuals. In any given population there is a potential to
disperse. In many populations, there is a probability that some offspring might disperse far away
and a probability that some offspring might stay closer to where they were born. The distance
that offspring disperse in a population can be understood as a stochastic process with some
average dispersal distance (Ladv) and a standard deviation of dispersal distance (Ldiff) (Hastings &
Higgins, 1994; Siegel et al., 2003).
The effect of knowing the dispersal of a population has evolutionary and ecological
implications. In marine environments, the dispersal of a population is crucial in determining the
size and placement of marine reserves (Atmany et al., 2007; Botsford et al., 2003; Guizien et al.,
2012). A population that can disperse over large distances allows for more gene flow. An
increased amount of gene flow can help facilitate adaptations to changing environments and
allow the persistence of a population (Tilman, 1994). When there is limited dispersal there can
be lower genetic diversity and if the dispersal is smaller than the average fitness of a locally
adaptive allele populations can become locally adapted. Populations with lower genetic diversity
may also not be able to adapt to environmental changes in their habitat (Bohonak, 1999).
Knowing the dispersal distance of a population is important in many realms of ecology and
evolution.
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In many population models of dispersal, it is assumed that the average distance an
offspring travels away from where they are born is zero and then there is some variation around
this (“symmetric dispersal”). For many animals that live on the land, this assumption would
make sense. In general offspring have an equal probability of moving away from their natal site
in one direction or another. Therefore, when dispersal is symmetric the dispersal distance is
equal to the standard deviation in the distances that offspring move away from their parent
(Rousset, 1997; Sawyer, 1977).
This is not the case in many marine or plant populations. In many marine and plant
populations, some factors bias the direction of dispersal to favor one direction or another. We
call this asymmetric dispersal. In plant populations, this could be the wind that carries the seed in
a particular direction away from the parent (Cruzan & Hendrickson, 2020; Kling & Ackerly,
2021). In coastal oceans and rivers, this could be the currents that carry the offspring to a
different location in the population’s habitat (Siegel et al., 2003, 2008). In either case, the
average distance that offspring travel away from their parent in a preferred direction is no longer
zero but some positive distance. There is still some standard deviation around this average
because there are eddies in the oceans or fluctuations in the wind intensity that cause variation in
dispersal. In the case of asymmetric dispersal, the dispersal potential of a population is not just
the standard deviation of offspring that disperse but also the average distance away that they
disperse. The dispersal potential becomes a function of both Ladv and Ldiff when the dispersal is
asymmetric.

2

One-dimensional Habitats
In marine populations, the larvae of an individual can have the ability to travel offshore
and alongshore. In many of these marine populations, only one of these directions is important
when considering the dynamics of larvae dispersal. In coastal marine and riverine populations,
the dispersal of offspring occurs mainly in one dimension (downstream). Although the larvae can
travel away from the coast or into the river these dynamics can be considered constant when
compared to the movement of larvae downstream. Therefore, in the work presented below, I
assume that the habitat of the population is a one-dimension linear habitat. What is important in
our model is that the dispersal is dominated by the movement of offspring downstream, and the
offshore location of parents and offspring does not matter. When considering the genetic
differences of individuals there is assumed to be no gradient of genetic differences in the
offshore direction. This assumption would be satisfied in a marine or riverine population where
the width of the habitat is much smaller than the length.

Genetic Diversity and Dispersal
One way to understand the effects of dispersal on genetic diversity is to look at the
coalescent. The coalescent describes the backward in time process of two genes descending
from a common ancestor (Kingman, 1982). This process takes the alleles in the present
generation and models them back to the most recent common ancestor. The time it takes
for all individuals with the same gene to have come from a common ancestor is called the
time to the most recent common ancestor. The physical location of the common ancestor in
the population’s habitat is called the location of the most recent common ancestor. Both the

3

time and location of the most recent common ancestor can help determine the amount and
location of genetic diversity in the population. Kingman first defined the process of the
coalescent in a population with non-overlapping generations, constant population size, and
random mating between all individuals in the population. Under these assumptions, Kingman
found that a larger population size led to longer times to the most recent common ancestor.
Therefore, if a population of size N has a time to the most recent common ancestor that is
smaller than expected for the population then there is at least one factor that is decreasing the
genetic diversity.
One of these factors that influences the time to the most recent common ancestor is the
spatial structure and dispersal of the population. A spatially structured model that has looked at
the effects of the time to the most recent common ancestor is the finite continuous linear model.
In this model, individuals are dispersed in a linear habitat according to a normal distribution with
some standard deviation (Wilkins & Wakeley, 2002). The finite continuous linear model
assumes that the boundaries are reflecting and that gametes that land outside the habitat would
end up the same distance inside the habitat. From the finite continuous linear model, it has been
shown that the average time to the most recent common ancestor is reduced and the average
location of the most recent common ancestor is in the middle of the domain (Wilkins &
Wakeley, 2002). Therefore, dispersal alone can have an impact on the genetic diversity of the
population, and it becomes imperative to be able to measure the size of both Ladv and Ldiff.

Measuring Dispersal from Data
There are two major ways that dispersal is measured in the field. The first is mark and
recapture or tagging experiments. In these cases, the offspring of individuals are marked or
4

tagged and recaptured or followed until they have made offspring of their own. The distances
between where the offspring were marked or tagged and where they end up generate samples
from the dispersal distribution and can be used to recreate the dispersal distribution. This works
well in many cases where the offspring can be tagged but does not work well in many marine
and plant environments where the offspring are too small and too numerous to be tagged. In
these cases, methods have been developed based on the genetic relatedness between individuals.
Genetic methods that have been used to estimate the dispersal distance rely on the idea of
isolation by distance (IBD). Isolation by distance assumes that the more separated two
individuals are in space the less related they are. To estimate dispersal from the IBD relationship
the genetic distance between all sampled pairs of populations or individuals is needed. Some
common genetic distances that are used are pairwise Fst or Rousset’s a (Rousset, 2000; Wright,
1943). Pairwise Fst is used when comparing populations while Rousset's a is used when
comparing individuals. Plotting genetic distance versus physical distance and calculating the
slope of the relationship gives a value that is inversely proportional to the standard deviation of
the dispersal distribution (Sawyer, 1977).
Existing estimates of dispersal under IBD assume that the dispersal distribution is
symmetric (Pinsky et al., 2010; Puebla et al., 2009). Estimates from IBD with symmetric
dispersal only estimate the standard deviation in the dispersal distribution since the average
distance is assumed to be 0. As discussed above these assumptions are not valid in many marine
and plant environments where there is a bias in the dispersal. Dispersal estimates made under
IBD may be inaccurate in marine and plan environments where the dispersal is biased because
there are two distances to measure and only one estimate.
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One potential way, which is developed in chapter 4, to estimate both the Ldiff and Ladv is
to use both spatial and temporal data. Using spatial and temporal data gives you two types of
data to estimate two parameters instead of just one. Using temporal and spatial data is not a new
concept when it comes to estimating dispersal distances. Parentage analysis has been used to
estimate dispersal distance using two generations of genetic data (Bode et al., 2016, 2019; Dubé
et al., 2020). Parentage analysis uses two generations of data a parent data set and an offspring
data set. Every individual in the offspring population is assigned a parent in the parent data set
(Jones et al., 2010). The distance between each offspring and parent creates a distribution of
distances which can be used to generate the dispersal distribution. The one drawback of this
method is that you need to find the parent of each offspring. The results of parental analysis
become sensitive if there are not enough parent-offspring pairs represented in the sample (Bode
et al., 2016).
To incorporate the spatial and temporal data into an estimation scheme an approximate
Bayesian computation (ABC) method was implemented. Approximate Bayesian computation
methods estimate the distribution of the parameters of a model given a set of data. These
methods are used when the likely hood of the data given the model cannot be computed
analytically (Sunnåker et al., 2013). The ABC method is used to estimate the Ladv and Ldiff given
a large ensemble of genetic distances between individuals separated in space and time. Similar
methods have been used to estimate the time to the most recent common ancestor as well as the
recombination parameter C, and demographic parameters (Estoup et al., 2001; Fu & Li, 1997;
Tavaré et al., 1997; Wall, 2000).

6

Outline of Work
The goal of this work is to understand the effects asymmetric dispersal has on the genetic
diversity of a population, how the genetic distance between individuals varies with their spatial
separation, and in turn, how the asymmetry influences existing dispersal estimates. This is done
by developing equations that model the time and location of the most recent common ancestor.
Using numerical simulations, I show how isolation by distance estimates becomes inaccurate. I
also derive equations for the mean and standard deviation of genetic distance in space and time
and develop a statical model to estimate the parameters of the dispersal distribution.
The outline of the thesis is as follows. In chapter 2 the time and location of the most
recent common ancestor are analyzed when there is asymmetric dispersal. This is done by
deriving equations for both the time and location of the most recent common ancestor based on
the Kingman coalescent. These equations are then validated with numerical simulations of a
finite linear population with absorbing boundaries. The results show that when there is
asymmetric dispersal the genetic diversity of a population is maintained by a small upstream
region of individuals. The size of this upstream region is determined by the parameters of the
dispersal.
In chapter 3 we show that estimates of dispersal made by isolation by distance become
inaccurate when the dispersal is asymmetric. This is done by developing a numerical simulation
to represent a linear population with asymmetric dispersal. A linear population is used because it
is a good approximation for a population where the offshore drift is much smaller than the
alongshore drift. Therefore, our model represents a more general two-dimensional model within
the limit of small offshore dispersal. Existing genetic isolation by distance techniques are used
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on the numerically generated data to estimate the dispersal distance. The results of existing
techniques are compared to the average and standard deviation of an asymmetric dispersal
distribution as well as the parent-offspring distance. We show that these estimates are at best an
overestimate of the standard deviation of asymmetric dispersal and say nothing about the mean
distance or the parent-offspring distance.
Finally, in chapter 4 a statistical method is developed that uses spatial and temporal
genetic data to estimate the dispersal distribution's mean and standard deviation. Equations for
the mean and standard deviation for genetic distances in time and space are derived. These
equations are then used along with approximate Bayesian computation to create a method to
estimate the mean and standard deviation of asymmetric dispersal. The effects of population size,
number of loci, and spatial and temporal sampling are analyzed to determine the robustness of
the method.

8

Chapter 2
Determining the Most Recent Common Ancestor in a Finite
Linear Habitat with Asymmetric Dispersal
Many species with planktonic larval dispersal in coastal oceans, rivers, and streams, have
an adult population that can be treated as if in a one-dimensional habitat where dispersal is
biased downstream. In these habitats, the dynamics of the dispersal are dominated by the
movement of offspring in one direction and the distance between parents and offspring in the
other direction does not matter. We study an idealized species with non-overlapping generations
in a finite linear habitat that has no larval input from outside of the habitat and is therefore
isolated from other populations. The most non-realistic assumption that we make is that there are
non-overlapping generations, and this is an assumption to be considered in future work. A
biased dispersal in the habitat reduces the average time to the most recent common ancestor and
causes the average location of the most recent common ancestor to move from the center of the
habitat to the upstream edge of the habitat. Due to the decrease in the time to the most recent
common ancestor and the shift of the average location to the upstream edge the effective
population size (Ne) no longer depends on the census size and is dependent on the dispersal
statistics. We determine the average time and location of the most recent common ancestor as a
function of the larval dispersal statistics. The location of the most recent common ancestor
becomes independent of the length of the habitat and is only dependent on the location of the
upstream edge and the larval dispersal statistics.

Page 9

Introduction
Dispersal has an important role in understanding the genetic connectivity of a population.
Low dispersal tends to lead to individuals near each other being more genetically similar than
individuals further apart(Wright, 1943). This in turn leads to gene flow restrictions that correlate
to the amount of dispersal in the population (Sawyer, 1977). Therefore, understanding the effects
of dispersal on the genetic structure will help to make inferences about the overall geographic
structure of a population of individuals.
Some of the most well-known migration models are the island model (Maruyama, 1970;
Wright, 1943), the steppingstone model (Kimura & Weiss, 1964), the spatial L-Fleming-Viot
model (Barton et al., 2010), and the continuous, ﬁnite, linear population model (Wilkins &
Wakeley, 2002). In the island and steppingstone models, the population is broken down into
demes or subpopulations that are connected through migration (figure 1). In the island model,
there is no spatial distribution of offspring, but all larvae migrate from a common pool. In the
steppingstone model, demes are aligned linearly, and migration only occurs between adjacent
demes. In the island model, larvae are dispersed from a common pool and therefore would not be
a good representation of a linear population of individuals. In the steppingstone model, two
assumptions would not work well for a linear population of individuals. The dispersal is assumed
to occur between neighboring populations and this exchange is assumed to be isotropic. These
assumptions have been relaxed in the literature, but it is unclear how this model can be applied to
the distribution of individuals along a linear habitat such as a coastline or river where there are
no natural barriers to subdivide the population into subpopulations. The spatial L-Fleming-Viot
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model helps to overcome these limitations by considering a continuous Poisson point process of
extinction-recolonization events. The continuous, ﬁnite, linear model extends the spatial
structure of the steppingstone model where each individual’s offspring are allowed to disperse
continuously over a linear domain. The individuals are uniformly distributed across the domain
and the location of parents and offspring are distributed symmetrically around their parents. Near
the edge of the boundaries, the distribution of offspring becomes skewed towards the inside of
the domain and the distribution is not fully symmetric but still centered around the parents’
location.
We focus on expanding the continuous, ﬁnite, linear model of Wilkins and Wakeley
(2002) to one that accounts for an asymmetry in the dispersal of offspring; in the model
presented here, the average offspring settles to one side, downstream, of its parents. The
continuous, ﬁnite, linear model described by Wilkins and Wakeley (2002) assumes that every
individual produces a very large number of gametes, which are distributed according to a normal
distribution around the individual’s location with variation σm. The boundaries of the continuous,
ﬁnite, linear model, are assumed to be reﬂecting, meaning that gametes that land outside the
domain would end up the same distance away from the edge but inside the domain. No physical
justification is given for these boundaries except that they would maintain a constant population
density and allow migration to be conservative. From this model, Wilkins and Wakeley (2002)
showed that the coalescent location is biased towards the center of the domain when migration is
smaller than the length of the domain.
To account for the asymmetry in dispersal the model presented here assumes that
individuals produce a very large number of gametes that are moved an average distance
downstream from their parents with some variation around this mean. Throughout this paper, our
Page 11

model assumes absorbing boundary conditions, where gametes that land outside the domain do
not survive. This is more realistic in most riverine and marine ecosystems where the habitat
beyond the extent of the population is unsuitable for survival and there would be high mortality.
A constant population density is assumed to be maintained by each individual producing on
average one offspring that becomes part of the next generation. Therefore, the model presented
here represents the continuous, finite, linear model with asymmetric dispersal and absorbing
boundaries.
In many marine and riverine environments, there is physical transport of offspring due to
the currents or wind (Cruzan & Hendrickson, 2020; Kling & Ackerly, 2021; Pringle et al.,
2011a). In these systems, the offspring are transported an average distance in a particular
direction (downstream) of their parents, though there can be a substantial deviation from the
average (Siegel et al., 2003; White et al., 2010). Thus, there is a bias in the direction that
offspring will be dispersed. This bias in offspring movement will also create a bias in gene flow
that will be observable from different measures of genetic diversity (Sundqvist et al., 2016).
One way to interpret the genetic diversity of a population is through coalescent theory
and the time to the most recent common ancestor. Coalescent theory has played an important role
in population genetics since its introduction in the 1980s by John Kingman (Kingman, 1982).
Kingman found that a larger population size led to a proportionally larger time to the most recent
common ancestor. The Kingman coalescent has been used to develop many models and to
extract parameter values but has only recently been applied to models with a spatial distribution
of individuals and has been termed the “structured coalescent” (Barton et al., 2010; Wilkins &
Wakeley, 2002; Wilkinson-Herbots, 1998). The coalescent is the backward in-time process that
can explain how a common gene in a population originates from a single individual in the past.
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The coalescent process takes the genes in the current population and models the ancestry back in
time to the most recent common ancestor of each of those genes. The time it takes for all
individuals that share a common gene from this common ancestor is called the time to the most
recent common ancestor (TMRCA), and the physical location of this common ancestor is called the
location of the most recent common ancestor (XMRCA). Both the average time to the most recent
common ancestor and location play key roles in determining the genetic diversity of the
population.
Models of the coalescent take information that we have in the present and use it to
constrain the possible ancestry of the individuals in the past. In his original definition of the
coalescent, Kingman assumed that there were non-overlapping generations, constant population
size and that an individual’s ancestor could have come from anywhere in the domain. Kingman’s
last assumption means that the location of the parent and offspring are not correlated, however,
this is not realistic for spatially extended linear populations with physically realistic dispersal.
My work expands upon the coalescent process described by Wilkins & Wakeley (2002)
to include asymmetric dispersal. Estimates of the average time and location of the most recent
common ancestor are derived for a linear population. A numerical simulation is used to validate
these estimates. When the asymmetry becomes significant the average location of the most
recent common ancestor no longer is dependent on the length of the habitat and is located near
the upstream edge. Also, the average time to the most recent common ancestor is reduced to less
than what would be expected for a population with isotropic dispersal. When the asymmetry is
small, or the spread is large both the time and location of the most recent common ancestor do
converge to the results of Wilkins and Wakeley (2002) and Kingman (1982).
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The Model
Many marine and riverine species have quasi-one-dimensional habitats along the
coastlines, rivers, and streams. These are habitats where the length of the habitat is much larger
than the width, and the dispersal statistics along the width are constant. This includes species like
the green crab, barnacles, and other benthic species (Hyder et al., 1998; Siegel et al., 2003;
Wares & Pringle, 2008; White et al., 2010). The population that is modeled here would be
representative of these species in a finite linear habitat with a current that sends propagules a
mean distance downstream with some variation around this mean. Competition occurs through
habitat limitation with only one individual being able to occupy each habitable location. The
model assumes a uniformly distributed population of individuals over a length L. All individuals
are haploid with non-overlapping generations. The adult individuals are sessile and do not move
from the location that they settle in and mate with their nearest neighbor. Each individual in the
population produces enough larvae such that the population density remains constant in space
and time. The boundary conditions are assumed to be absorbing; this means that any larvae that
land outside the habitable length of the habitat do not survive.
To model the dynamics of parents and offspring the probability distribution of a parent’s
location (xparent) given an existing offspring location (xoffspring) is defined by a truncated Gaussian
distribution:
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There are three parameters: Ladv, Ldiff, and L, where L is the length of the habitable domain,
Ladv is the mean distance downstream larvae travel, and Ldiff is the stochastic variation of larval
dispersal. Ladv represents the difference between the mean settlement location of larvae from the
location of the parents and includes direction; here a positive Ladv is downstream. Ldiff is the
standard deviation of locations where the larvae settle and accounts for the variability in the
dispersal of individual larvae (figure 2). This stochastic variation is a function of the variation of
alongshore currents, the Lagrangian timescale of fluctuations of the mean currents, and the time
that the larvae spend in the plankton stage (Siegel et al., 2003). The distribution above is
normalized to unity because a parent must have existed in the previous generation. Therefore,
probabilities for all possible locations of a parent for a given individual must integrate to 1. If
Ladv = 0 we recover the continuous, ﬁnite, linear model of Wilkins and Wakeley (2002), but with
absorbing boundary conditions. The results of Wilkins and Wakeley (2002) are not qualitatively
different when the boundary conditions are changed from reflecting to absorbing. A Gaussian
dispersal kernel shifted a mean distance downstream, as used in our model, is a good
representation of the movement of passive planktonic larvae that are dispersed by the currents
along coasts and rivers (Siegel et al., 2003).
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To implement the model, every individual, in a domain of length L, in the starting
generation shares a common gene and is labeled as a separate lineage. Time is stepped backward
to determine how all the lineages coalesce into fewer and fewer lineages. The problem of
clumping of individuals in the domain is avoided because there is habitat competition and
population density remains constant from generation to generation (Felsenstein, 1975). Each
generation backward in time the parent of an individual was found by randomly generating the
location of the parent from the probability density function (eq 1) and using the individual’s
current location in the domain along with the parameters Ldiff and Ladv. When two or more
individuals share a parent in the previous generation, a coalescent event has occurred, and the
lineages involved reduce to one lineage. The location of each of these events is recorded. Each
coalescent event reduces the number of uncoalesced lineages by at least 1. This process is
repeated with the remaining lineages until the final coalescent event. The location and generation
of this event were recorded. This simulation was then run thousands of times to get an average
time and location of the most recent common ancestor.

Results
The Source Region
In a population with asymmetric dispersal, if we consider any location more than an
average dispersal distance from the upstream edge of the habitat, it is both a source of larvae for
other locations downstream and a sink for larvae from locations further upstream. Therefore,
throughout the domain, most regions are both sources and sinks of genes. The upstream edge of
the habitat, however, will act as a pure genetic source, as no larvae can enter the habitat from
even further upstream. Furthermore, because the mean currents of the ocean send most
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propagules further downstream, to maintain the constant population density, this upstream region
must be a region that is mostly maintained by the few larvae that originated at the upstream edge
and return to the upstream edge. The dynamics at the upstream edge are discussed in detail by
Byers and Pringle (2006), Pringle and Wares (2007), and Patchepsky et al. (2008). The
population range can thus be split into two regions: a region at the upstream edge in which most
new recruits are from that region (“the source region”) and the rest of the domain where each
location in the habitat is maintained mostly by larvae from even further upstream (the “sink
region”) (Doebeli, 1995; Lebreton et al., 2000).
The existence of an upstream source region can be illustrated by tracing the spatial
distribution of lineages back in time through the domain. In Figure 3, there are four ancestry
diagrams for a variety of dispersal scenarios with increasing amounts of mean downstream
dispersal of larvae (e.g., increasing Ladv). In Figure 3a, there is no asymmetry in the dispersal,
and the ancestors of individuals occur randomly throughout the domain. When the dispersal is
made asymmetric in Figures 2b-d, (Ladv>0) as one moves back in time the locations of ancestral
lineages are found to be nearer to the upstream edge of the habitat. When Ladv is increased in the
bottom two graphs, the lineages are seen to be constrained to the upstream edge more recently in
the past and the lineages originate closer to the upstream edge. This upstream region that is the
origin of all lineages in the population is the population source region discussed above.
Since Ladv and Ldiff determine how far away from their parent a larva disperses, the length
of the population source region will depend on Ladv and Ldiff. The upstream population source
region will be the portion of the domain where the likelihood that larvae are moved downstream
out of the domain by the mean currents (Ladv) is balanced by the likelihood that the stochastic
currents (Ldiff) return them to this region. For the average currents, the distance that a propagule
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would travel would be n*Ladv after n generations. Then, since the stochastic spread is a diffusive
process it will move a propagule through a length of 𝑛!.# ∗ 𝐿$%&& after n generations (Siegel et
al., 2003). Therefore, setting the length of movement by the mean and stochastic components of
dispersal equal, after 𝑛 =

'$!"##
'$%!&

generations on average the movement of propagules by the mean

currents and the stochastic variance of dispersal are equal. Therefore using 𝑛 =

'$!"##
'$%!&

in either

length equation (n*Ladv or 𝑛!.# ∗ 𝐿$%&& ) produces the fundamental length scale (Wares &
Pringle, 2008):
𝐿()*+,- =
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.

(2)

This is the length of the domain over which the mean transport and stochastic components of
dispersal take the same amount of time to move a propagule.

The Location of the Most Recent Common Ancestor
Since the mean current and diffusion balance each other in the population source region,
larvae that settle in the population source region are most likely to have had a parent from the
population source region. In the population source region, there is no larval input from farther
upstream since there is no population farther upstream. However, all other regions in the domain
receive more larvae from upstream than they do from local production because the dispersal is
defined (when Ladv>0) to be biased downstream. For the neutral genetics considered here, the
populations downstream from the upstream population source region are genetic sinks, and the
genes in these regions will over time be dominated by the contributions of migrants from even
farther upstream.
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Therefore, the population source region is most likely to contain the most recent common
ancestor of the population. When looking at a geographically structured population the location
of the most recent common ancestor defines the genetic structure of the population and suggests
where the genetic diversity of the population originates (Austerlitz et al., 1997). In a finite linear
population with symmetric dispersal and nonoverlapping generations, ancestors of individuals
will be randomly distributed throughout the domain. As a result, coalescent events will also
occur randomly throughout the domain, and the average location of these events will occur in the
middle (Wilkins & Wakeley,2002).
In Figure 4, five thousand runs of the model are compiled to show the spatial probability
distribution of the location of the most recent common ancestor of a gene found in the entire
population in runs with either symmetric or asymmetric dispersal. When the dispersal of larvae is
symmetric the probability peaks at the center of the domain and is distributed symmetrically
around the center of the domain. However, when the dispersal is asymmetric the highest
probability of the location of the most recent common ancestor occurs near the upstream edge.
The probability of a location being the location of the most recent common ancestor diminishes
rapidly in the downstream (to the right) direction. This means that the ancestor of an individual
living today most likely came from the upstream edge. When there is an asymmetry, the genes of
the current population have descended from a smaller population in the population source region.
Figures 2 and 3 can help explain how the genetic diversity is maintained from the
population source region. Because the highest probability of the most recent common ancestor is
in the population source region (figure 4) and all ancestors eventually originate from the
population source region (figure 4), alleles in that region are more likely to become fixed than in
the rest of the habitat. Therefore, most alleles that become fixed in the population come from the
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population source region and the most recent common ancestor of a gene will most likely be
from the population source region.
The location of the most recent common ancestor is biased upstream because dispersal is
biased downstream. Each generation into the past, the expected average location of the ancestor
of an individual should be a distance of Ladv closer to the upstream edge. This phenomenon is
shown in Figure 3; as Ladv increases, the location of ancestors becomes closer and closer to the
upstream edge. From figure 3 when Ladv=20 after 20 generations ancestors only come from the
upper half of the domain and no further. Further back in time the reduction of ancestors to the
upstream edge will increase until all ancestors must have come from the population source
region.
The most recent common ancestor is the culmination of several coalescent events. A
coalescent event takes place when two or more individuals have the same ancestor in the
previous generation. Early coalescent events between individuals occur at random
locations throughout the domain, but when Ladv>0, that location is most likely to be Ladv
upstream of the individuals whose lineage combines (figure 3). Therefore, while coalescent
events can take place everywhere in the habitat, they are more likely to occur upstream of the
location of the individuals who came from a common parent. As time goes further back and the
number of distinct lineages decreases, the influence of the asymmetry will cause the location of
coalescent events to shift towards the upstream edge. Since an ancestor is on average a distance
Ladv upstream the time it takes for all lineages to be contained in the population source region
will be dependent on Ladv. The average time for lineages to be contained in the upstream edge
would be on the order of L/Ladv generations. After this time all lineages and coalescent events
will be very likely to occur in the population source region (figure 3).
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Since the length of the population source region is defined by 𝐿()*+,- =
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not receive many migrants, it follows the assumptions of a population described by Wilkins and
Wakeley (2002). Therefore, the ancestor of an individual in the population source region can
come from anywhere in the population source region. The most recent common ancestor of the
population must also occur within the population source region because it serves as the source
for all lineages throughout the habitat. This suggests that the average location of the most recent
common ancestor will come from the middle of the population source region. The resulting
expression for the average distance from the upstream edge of the most recent common ancestor
is:
𝑋5678
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To test the expression for the average location of the most recent common ancestor,
simulations of the model were run with 100 individuals each separated by 1km. The first
simulation had a constant Ldiff of 15km and an increasing Ladv that ranged from 0km to 40km
(figure 5). The second simulation had a constant Ladv of 10km and an increasing Ldiff that ranged
from 5km to 40km (figure 6). Both sets of simulations were run 5000 times. For these
simulations, the average location of the most recent common ancestor was plotted and compared
to the estimate for the location of the most recent common ancestor (eq. 3). When LSource is less
than the length of the habitat L, the asymmetry matters, and equation 3 is a good predictor of the
location of the most recent common ancestor. When LSource is greater than L, it is not. This
suggests that when the asymmetry is large enough that the scale for the size of the source region
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(eq. 2) is smaller than the domain size, the genetic diversity of the population is maintained by
the individuals in the population source region.
In the limit of small Ladv and/or large Ldiff, the expression for Lsource (eq. 2) gives a length
that is larger than the length of the habitat. In these limits (LSource>L) the whole habitat will be
the population source region and the effects of dispersal are the same as if it is isotropic, as the
stochastic and mean components are balanced. This leads to ancestors being able to come from
anywhere in the domain as in the isotropic dispersal scenario (figure 3a and 4). Thus, the average
location of the most recent common ancestor will converge back to the middle of the entire
domain when Ladv is small, and the results become similar to those in Wilkins and Wakeley
(2002).

Effective population Size
In the simplest model of common ancestry with random mating and no population
structure, the time to the most recent common ancestor is proportional to the population size
(Kingman, 1982). However, many real populations do not align with these assumptions and have
some population structure. It is often useful to define the size of the population so that the
dynamics are like those found in the simpler model of Kingman (1982). Therefore, in many
populations, the effective population size (Ne) can be defined as the size of the population that
would give the same time to the most recent common ancestor as a population that obeys the
assumptions of Kingman. Ne often does not represent actual individuals in the population but the
number of idealized individuals that produce the time to the most recent common ancestor as
expected by Kingman. For a population with asymmetric dispersal, this ideal population size Ne
reflects the actual size and location of the population within the domain whose descendants will
persist in the domain. Since the population source region is the most likely region for the
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location of the most recent common ancestor the genetics and time to the most recent common
ancestor of the entire population will depend on the population source region. Therefore, Ne
would be the number of individuals contained in the population source region.
The population of the source region is Lsource, the length of the region, multiplied by the
population density Hdens in the number of individuals per unit length, so
𝑁$ =

𝐿<,*((
∗ 𝐻,$%)
𝐿",-

(4)

In the limit that Ladv goes to zero or as Ldiff goes to infinity the effective population size will get
bigger than the census size (N). Because the Ne derived above represents the actual number of
individuals in the population it cannot be larger than the population size. The expression for Ne
(eq. 4) is only valid when the predicted Ne is less than the total population, or equivalently, that
the Lsource<L. When the Lsource>L, the entire population is retained, and Ne is approximately N.
This estimate of Ne can be tested by comparing the time to the most recent common ancestor in
the model to the time to the most recent common ancestor expected for a population of size
N=Ne.

The Time to the Most Recent Common Ancestor
For many populations, the time to the most recent common ancestor controls the diversity
in the population and allows an estimate of the age of evolutionary divergence (Eizirik et al.,
2010). The time to the most recent common ancestor can also give insight into the probability of
relatedness between individuals given their geographic separation (Neigel et al., 1991).
Kingman assumed that any individual in a population could mate with any other
individual, unlike the assumption in this work where mating is with nearby individuals. Given
Kingman’s assumptions for a haploid population with N individuals with random mating, the
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average time to the most recent common ancestor for a sample of n individuals is 2N*(11/n) generations (Kingman 1982). Although the assumptions of Kingman’s model do not fit this
model, within the source region the assumptions are nearly met, except that everywhere in the
model mating is with adjacent individuals and there are absorbing boundaries. However, in one
dispersal event, every individual within the source region could be adjacent to another individual
whose parents were somewhere else within the source region. This suggests that the population
of the source region, or Ne, could be used to estimate the time to the most recent common
ancestor.
When considering the relationship between coalescent times and Ne, a smaller coalescent
time will define a Ne that could be smaller than the census population size. Therefore, for a
haploid population with non-overlapping generations, the average time to the most recent
common ancestor for n individuals would be 2*Ne(1-1/n) generations. The (1-1/n) accounts for
sampling only n individuals in the population. Using the effective population size defined above
(eq. 4) with the average time to the most recent common ancestor derived by Kingman, the
average time to the most recent common ancestor for individuals in the source region for a
sample of n individuals is:
𝑇5678 = 2 ∗
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when LSource<L. When LSource>L the coalescent time converges to 𝑇./01 = 2 ∗ 𝑁 ∗ (1 − 3).
The expression above (eq. 5) fails to account for the time it takes lineages outside of the
source region to migrate backward in time into the source region. For lineages that start furthest
from the upstream edge of the domain, this timescale should be on the order of L/Ladv. To correct
for this time, the time it would take descendants from the source region to move throughout the
domain, or equivalently the time in the past it would take lineages from the downstream most
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part of the population to have come from the source region, eq. (5) must be increased by L/Ladv.
The average time to the most recent common ancestor for individuals anywhere in the domain,
for a sample of n individuals, should then be:
𝑇5678 = 2 ∗
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To test the expressions for the average time to the most recent common ancestor,
simulations of the model were run with 100 individuals each separated by 1km. The first
simulation had a constant Ldiff of 15km and an increasing Ladv that ranged from 0km to 40km
(figure 7). While the second simulation had a constant Ladv of 10km and an increasing Ldiff that
ranged from 5km to 40km (figure 8). Both simulations were run 5000 times over their respective
ranges. For these simulations, the average time to the most recent common ancestor was plotted
against the changing parameter and compared to the expression above (eq. 6). The expression
matches the first-order behavior of the coalescent time. The addition of the L/Ladv term makes
the expression more accurate when compared to the simulated data. As with the location of the
most recent common ancestor the expression for the time to the most recent common ancestor
(eq. 6) breaks down when the length of the source region is greater than the length of the habitat.
When the length of the source region does become larger than the length of the habitat, every
individual in the habitat nearly conforms to the original assumptions of Kingman. Therefore, the
time to the most recent common ancestor returns to 2N*(1-1/n). Overall, when the asymmetry
causes Lsource to be less than the length of the habitat the time to the most recent common
ancestor decreases and is dependent on the dispersal statistics and the population density.
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Effect of Limited Population Size in Model on Results
In many natural populations, there are thousands to millions of individuals in a habitat.
This however is not feasible to replicate in our numerical models due to the time it would take to
track the genetics of the population. Therefore, the numerical model used to validate our
estimates of the time to the most recent common ancestor and the location of the most recent
common ancestor is run with a much smaller population size than would be expected for most
species to which this model is applicable. The population must be kept small because the time it
takes to make a model run scales as the number of individuals (N). The time for the model to
reach equilibrium scales as N which leads to a computer run time that scales as N2. This time
becomes impracticable for large N.
However, the estimates discussed above are still valid. The expression for the location of
the most recent common ancestor (eq. 3) does not depend on population size while the
expression for the time to the most recent common ancestor (eq. 4) accounts for the population
size in the population density (Hdens) term. In Figure 9, an ancestry diagram for a population of
500 individuals and a population of 1000 individuals is shown with the same Ladv and Ldiff. This
figure illustrates the effect of population size on the time to the most recent common ancestor
(TMRCA) and the lack of dependence on the location of the most recent common ancestor. The
location of the final coalescent event and the length of the population source region do not
change between the two populations. The expressions for the average location of the most recent
common ancestor do not depend on population size and only depend on the sizes of Ladv and
Ldiff. TMRCA has been shown above to scale proportionally with the effective population size. In
Figure 10, the time to the most recent common ancestor for two populations is shown one with
an Hdens=1 and the other with an Hdens=2. Just as with the previous figure the population with a
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Hdens=2 has a time to most recent common ancestor roughly twice the time for the population
with Hdens=1. Therefore, the addition of Hdens in the expression for the average time to the most
recent common ancestor (eq. 4) allows this expression to work for any population size.

Discussion
When larval dispersal is asymmetric, due to currents in the ocean or the winds in the
atmosphere, we show that there exists an upstream source region for larvae that impacts the time
to the most recent common ancestor, the effective population size, and location of the most
recent common ancestor. The size of the population source region (LSource) is a function of the
average distance larvae flow downstream (Ladv) and the standard deviation of dispersal (Ldiff).
LSource is the distance from the upstream edge over which the location of the most recent common
ancestor can be found, and the average location is in the middle of this region. Based on LSource
and the population density (Hdens) the effective population size (Ne) can be determined. Ne can
then be used to determine a scaling for the average time to the most recent common ancestor
(TMRCA) for the population.

Importance of the Population Source Region
In the case of asymmetric larval dispersal, alleles that are present in the population are
most likely to have come from the population source region. Therefore, a novel allele that is
favored in the population source region and not through the entire habitat will tend to be
retained. On the other hand, a novel allele that is favored outside the population source region
will most likely be lost since this region is a sink for the population source region. Thus, alleles
that are favored in the upstream edge will be favored throughout the entire domain (Kawecki &
Holt, 2002). For example, if a population of individuals with larvae that are dispersed
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downstream is adapted to temperatures along a certain section of the coast, individuals that are
moved away from that section of the coast may die out if they are moved into a region with
water that is too warm or cold for the larvae to function.
One example of the importance of the population source region containing favored alleles
is when climate change shifts the habitat range. Fuchs et al. (2020) have shown that benthic
organisms along the Northwest Atlantic continental shelf are being transported to warmer
regions where there is a high mortality. The reason for this is that transport is sending larvae
farther southward than expected. This has led to a shrinking of the occupied range of the species
in this region. Since larvae are being sent southward the northern end of the domain is the
upstream edge. For the population to persist alleles must be present in the upstream edge that
favors these newer warmer waters. When these alleles are not present in the upstream edge the
length of the habitat will shrink until the number of successfully recruiting larvae meets the
threshold described by Byers and Pringle (2006) that depends on Ladv and Ldiff.
Although the population source region can hinder local adaptation in the sink region,
selection can still play a role in allowing local adaptation. When selection is strongly favored for
an allele outside the population source region it can persist throughout the population (Pringle &
Wares, 2007). This selection can be due to changes in environmental conditions, the invasion of
another species, or any other factor that may make a heritable trait more favored. One example of
this that has shown to be true in the European green crab, Carcinus maenas (Tepolt & Palumbi,
2020). Tepolt and Palumbi have shown that the European green crab introduced along the east
coast of North America had the standing genetic variation for different temperature tolerances.
Although the upstream edge of the habitat would have a selection that is strongly favored for
cold tolerance the green crab along the coast has been able to inherit genes for a range of
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temperature tolerances. This could imply that selection for different water temperature tolerance
has been large enough that alleles that are not favored in the upstream edge have been able to
persist throughout the population. Therefore, there is a spatial balancing selection occurring
where selection for different temperature tolerances is being maintained where the green crab has
invaded. The ability of these multiple alleles to be present in the European green crab has made it
such a successful invasive species.

Implications on Effective Population Size
The expression for Ne (eq. 4) derived above illustrates that the statistics of an asymmetric
dispersal kernel can influence Ne and therefore genetic diversity (Wright, 1931). Ne and the
population's genetic diversity are reduced when the dispersal is asymmetric. In many coastal
oceanic species, the ratio of effective population size to census size is small (Hedrick, 2005).
There are many reasons why this might be true such as sex ratios, selection, and variance in the
reproductive success (Wang & Caballero, 1999). The expression for Ne derived in the results
gives a new reason why Ne might be reduced in marine environments with asymmetric dispersal.
When Lsource is less than the length of the habitat then the effective population size is reduced to
the individuals contained in the population source region. Therefore, the small Ne to N ratios
seen in many oceanic species like damselfish and angelfish could be due, in part, to the mean
downstream transport of larvae by currents in the ocean (Crane et al., 2018).
For many benthic species, the size of Ladv and Ldiff will roughly be comparable (Pringle et
al., 2011b; Siegel et al., 2003). Therefore, the length of the population source region will be one
dispersal distance away from the upstream edge. The length of the habitat for a given population
is almost always larger than one dispersal distance (Trewhella et al., 1988). Thus, many benthic
marine species that have, essentially, a one-dimensional habitat structure will have reduced times
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to the most recent common ancestor and the location of the most recent common ancestor will
occur in a region one dispersal distance away from the upstream edge. This leads to many of
these species having small Ne to N ratios and lower genetic diversity than expected for their
census population size.

Page 30

Figures

Figure 1 Based on Selkoe and Toonen's (2011) models of dispersal. The circles represent subpopulations along a coastline. A) Island Model: Populations can self-recruit but also contribute to
a well-mixed larval pool. B) Steppingstone Model: Populations tend to exchange migrants
between nearest neighbors or a population a certain distance away in both directtions (i.e., 2
populations away)
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Figure 2 Depiction of two different dispersal scenarios. In both figures, P is the parent’s location
and the distribution represents the possible locations of larvae. The top figure is a depiction of
isotropic dispersal where larvae are equally likely to settle in either direction away from their
parent but most likely near their parent. The bottom figure is a depiction of asymmetric dispersal
where larvae are more likely downstream from their parent and have variation around that
downstream location. Both figures have variation around a mean labeled Ldiff, but the bottom
figure has a non-zero mean that is termed Ladv.
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Time Backwards

a)

b)

Time Backwards

c)

d)

Direction of Asymmetry

Figure 3 ancestry of all individuals in a population of 500 individuals. In Figure a, dispersal is
symmetric (Ladv=0), while Figures b, c, and d exhibit asymmetric dispersal (Ladv=5, 10, and 20
respectively). When there is no asymmetry, the linages occur throughout the domain and it takes
a much longer time to get to the most recent common ancestor, while as the asymmetry increase
the lineages end up in the upstream edge. With increasing asymmetry, the number of generations
it takes for the asymmetry to cause lineages to be contained in the upstream edge decreases.
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a)

b)

Figure 4 Probability density function of the location of the most recent common ancestor with
and without an asymmetry. The figure on the left is for no asymmetry in the dispersal while the
figure on the right includes asymmetric dispersal. When there is no asymmetry, the probability is
centered in the middle of the domain, while when there is an asymmetry it is skewed to the left
(the upstream edge).
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Figure 5 Simulation of the average coalescent location with changing mean downstream
dispersal (Ladv) and constant stochastic spread (Ldiff). The solid line is data from Monte Carlo
simulation runs of the model while the dashed line represents the expression from equation 3.
For large Ladv, this does well to approximate the location but as Ladv gets smaller the expression
begins to become more and more inaccurate because the length of the source region becomes
larger than the length of the habitat.
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Figure 6 Simulation of the average coalescent location with changing spread (Ldiff) and constant
mean currents (Ladv). The solid line is data from Monte Carlo simulation runs of the model while
the dashed line represents the expression from equation 3. For small Ldiff this does well to
approximate the location, but as Ldiff gets larger, the equation becomes more inaccurate due to
the source region becoming bigger than the length of the habitat.
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Figure 7 TMRCA from the model for increasing average dispersal distance (Ladv) and constant
spread (Ldiff). The solid line is data from Monte Carlo simulation runs of the model while the
dashed line represents the expression from equation 6. The scaling from equation 6 matches the
first-order behavior of the time to the most recent common ancestor. As Ladv becomes smaller the
expression for Ne becomes larger than the census population and therefore our scaling begins to
break down and the actual time to the most recent common ancestor returns to the classic
Kingman result.
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Figure 8 Simulation of TMRCA with increasing spread (Ldiff) and constant average current distance
(Ladv). The solid line is data from simulation runs of the model while the dashed line represents
the expression from equation 6. The scaling from equation 6 matches the first-order behavior of
the time to the most recent common ancestor. As Ldiff gets large the expression for Ne becomes
larger than the census population and therefore our scaling begins to break down and the actual
time to the most recent common ancestor returns to the classic Kingman result.
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Figure 9 Ancestry diagram of two populations with different sizes but same average currents
distance (Ladv) and spread (Ldiff). The location of the most recent common ancestor occurs in the
same region regardless of population size. With a larger population size, the time to the most
recent common ancestor is larger.
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Figure 10 Ancestry diagram of two populations with different population densities but the same
average currents distance (Ladv), spread (Ldiff), and length of the domain. The location of the most
recent common ancestor occurs in the same region regardless of population size, while the time
grows with increased population size.
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Chapter 3
The Faults and Failures of Isolation by Distance with
Asymmetric Dispersal
Many natural populations have dispersal that is biased in one direction (asymmetric dispersal);
for example, marine organisms in a current and wind-driven dispersal of plant seeds in locations
where there is a directionality in the average winds and currents. The dispersal distance between
parents and offspring have been estimated by the relationship between genetic and physical
distance through the theory of isolation by distance (IBD). Under the theory of IBD, the slope of
a genetic distance, like Rousset’s a, versus physical separation between individuals in a linear
habitat has been shown to have an inverse relationship to the dispersal distance. This IBD slope
has often been used to estimate dispersal distance from the observed relationship between
pairwise separation and genetic difference. However, we show that when there is an asymmetry
in the dispersal of the larvae, the IBD slope does not reliably estimate dispersal distance. For
organisms with asymmetric dispersal, the dispersal can be described by two parameters: the
mean dispersal and the stochastic component of dispersal. The mean dispersal is the average
distance between the location of the parents and where their offspring settle. The stochastic
component of dispersal is the variation in the average distance due to eddies in the ocean or
fluctuations in the wind currents. With these two parameters, we quantitatively describe when
traditional estimates of dispersal from the IBD slope are accurate. For most organisms that are
dispersed by moving fluids on the land or in the water, we argue that dispersal distance estimated
by the IBD slope will be unreliable, which may explain the poor correlation between
observations of IBD slope in the field and other methods of estimating dispersal distance.
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Introduction
Dispersal distance in marine environments is difficult to measure directly. For species
with small larvae and propagules that drift in the currents of oceans and rivers, it is almost
impossible to get a direct measure of dispersal. Some genetic techniques for measuring dispersal
rely on the theory of isolation by distance (IBD)(Malécot, 1948; Wright, 1943). The theory of
IBD assumes the further separated two individuals are the less related they are. The less the
dispersal, the greater the lack of relation between individuals. Existing work (ie. Barton et al.,
2013; Pinsky et al., 2010; Puebla et al., 2009), which uses observed IBD to estimate dispersal,
assumes that dispersal is symmetric around the location of the parents. This is not true in marine
and wind-driven environments where there is an average directionality to the movement of
offspring (Siegel et al., 2003).
Existing estimates of dispersal distance from the theory of IBD are designed to measure
the stochastic variation in the distance between parents and offspring. When there is an average
movement of offspring downstream there are two length scales, the average distance downstream
and the variation of these distances. The average distance downstream is not accounted for under
existing models which estimate dispersal based on observed IBD. Therefore, dispersal distance
estimates that are made based on the theory of IBD may not be as accurate as once thought.
Since dispersal distances are important in understanding the genetic and physical connectivity of
a population, an inaccurate estimate could have a large impact on the conservation efforts of
marine species (Chust et al., 2016; Henry et al., 2018).
Being able to accurately measure the dispersal distance of a population is important when
constructing marine protected areas or marine reserves. These are areas where removing or
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destroying natural resources is restricted. When designing these areas it is important to know
how far offspring travel before recruiting to maintain the reserve (Guizien et al., 2012). If most
of the offspring disperse outside of the reserve, then the marine protected area will not be
sustained by larval production within the reserve. If most of the larvae do not leave the marine
protected area, then it is not contributing to the biodiversity outside of that area. Therefore, there
needs to be a balance between offspring landing inside and outside the marine protected area.
This can be done by knowing the dispersal statistics of the population.
To understand how the IBD slope might break down when the dispersal is asymmetric,
an understanding of the assumptions behind the IBD slope is needed. IBD relies on the change in
the genetic similarity between individuals as a function of the distance between the individuals.
Estimates of dispersal made from the IBD slope, use pairwise Fst (Wright, 1943) or a similar
measure to measure genetic similarity. Existing IBD models use the genetic differentiation
between physically separated subpopulations compared to the entire population to produce a
measure of genetic identity. Under the assumptions of the lattice/stepping stone model, where
there are discrete demes that share migrants with nearby demes, IBD suggests that pairwise Fst
increases with physical separation (Malécot, 1948; Wright, 1943). Thus, under the
lattice/steppingstone model, a plot of a measure of genetic similarity versus physical separation
will have an IBD slope that is inversely proportional to the dispersal distance. However, this
relationship assumes that the offspring of an adult are distributed symmetrically around their
parent (“symmetric dispersal”) (Rousset, 1997; Sawyer, 1977).
The assumption of asymmetric dispersal distribution is not true in many marine species
with a platonic larval stage. In many marine and riverine environments, there tends to be an
average directionality to the current that will preferentially disperse offspring in one direction
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(“asymmetric dispersal”) in addition to the stochastic component of dispersal (Figure 1). The
mean distance that larvae are carried downstream of their parents by the currents is defined as
Ladv and the standard deviation around this mean settlement location is Ldiff. Existing estimates of
dispersal (Rousset, 1997; Sawyer, 1977) from IBD assume Ladv is zero (i.e. assume symmetric
dispersal), and thus explicitly estimate Ldiff.
Under the existing assumptions of IBD, the IBD slope is a measure of the dispersal
distance (Malécot, 1948; Wright, 1943). It has been assumed that the IBD slope should correlate
with planktonic larval duration (PLD). PLD is the time that larvae spend in plankton, and
therefore, the longer the PLD the further larvae are assumed to be dispersed by the currents.
From this relationship, PLD has also been shown to be correlated to dispersal distances, but
comparisons of PLD and the IBD slope have shown varying degrees of correlation (Selkoe &
Toonen, 2011; Shanks, 2009; Shanks et al., 2003; Weersing & Toonen, 2009). Therefore, the
correlation of PLD to the IBD slope will depend on if the IBD slope is still a valid estimator of
dispersal distances.
Here we develop a model of a one-dimensional habitat like that along the coast or in a
river (Pringle et al., 2011; Pringle & Wares, 2007; Siegel et al., 2003, 2008). The offspring of
individuals may drift offshore or into the river, but the across-shore width is much narrower than
the along-shore extent of the habitat. Along with being a one-dimensional model, our model is
also asymmetric because rivers and coastlines have a natural direction of flow that carry larvae in
a preferred direction. It has been shown that the biophysical movement of larvae along a linear
coastline is well modeled by a Gaussian distribution that accounts for the mean current through
the domain and the stochastic spread (Siegel et al., 2003; White et al., 2010). Therefore, to
represent the asymmetry our model uses a truncated Gaussian distribution. Criteria are developed
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which are functions of Ladv and Ldiff that describe when estimates of dispersal distance from IBD
are inaccurate measures of both Ldiff and Ladv. These criteria are then tested in a model of diploid
individuals in a 1-dimensional domain with asymmetric dispersal at mutation drift equilibrium.
We show that in many natural marine populations estimates of dispersal made from isolation by
distance are overestimates of the standard deviation of dispersal and say nothing about the mean
downstream dispersal distance.

Methods
To test the effect of asymmetric dispersal on genetic identity a numerical model is used to
look at a benthic population with a dispersing larval stage and discrete non-overlapping
generations. Time is measured in generations. In this model, it is assumed that the population
exists in a linear habitat, like a coast or a stream, of N individuals that are hermaphroditic, do not
self-inseminate, and are diploid. The individuals are assumed to produce enough offspring to
maintain the population at the carrying capacity of the domain (Kimura & Weiss, 1964;
Maruyama, 1970; Wright, 1943).
To simulate an asymmetric dispersal, larvae are dispersed a mean distance Ladv
downstream of their parent with a standard deviation distance of Ldiff. This was modeled using a
Gaussian distribution that is centered a distance Ladv downstream from the parent with a standard
deviation of Ldiff (Figure 1). Any larvae that leave the habitat die off; this would be true when
outside the population’s habitat the environment leads to mortality. In the model, this is
represented by truncating the Gaussian distribution.
The genetics of the population of N individuals is modeled by an infinite alleles model
with a mutation rate of µ=1.5*10-3 mutations per loci, per generation, and mating occurring
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between nearest neighbors (Kimura & Crow, 1964). This would be an extremely large mutation
rate for realistic populations but was used because of the small population sizes that were used in
the simulations. A smaller mutation rate would lead to a population that was at fixation. The
population is started with a fixed number of alleles and allowed to reach mutation drift
equilibrium by running the model until the number of alleles was stochastically stable. Stability
was monitored by examining when the total number of unique alleles in the population reached a
steady state. For most runs, 8000 generations were enough to reach equilibrium. Each individual
has the same number of loci. The more loci that are used, the lower the variance when
calculating statistics from the genetic data, but at the cost of increased computational time. The
number of loci was set to 100 unless noted otherwise. Parents mate with their nearest neighbor
and their larvae disperse according to the Gaussian distribution described above. The genes of
the larvae are drawn from the two parents allowing for independent assortment with no linkage
between genes (Mendel, 1865).
The genetic distance between pairs of individuals was determined at mutation drift
equilibrium and estimated using Rousset’s a (Rousset, 1997). Rousset’s a is analogous to
pairwise Fst (Wright, 1950) but at the individual level rather than the population level. Only
every 10th individual is included in the sample of genetic data to reduce the memory needed to
store results. At each time, Rousset’s a is calculated between each pair and saved.
The measure of genetic distance between individuals was calculated as a function of
physical separation; for each separation, Rousset’s a was calculated for all possible pairs of
individuals and then averaged over the pairs. The slope of the regression of genetic identity
versus physical separation is inversely proportional to the standard deviation of the dispersal
distribution (Ldiff) under the assumption that dispersal is isotropic; i.e. larvae do not preferentially
Page 49

settle to one side of their parent's (Rousset, 1997; Sawyer, 1977). It has also been shown that the
linear relationship between physical separation and genetic distance begins to saturate after a
certain separation, and at greater separations, the genetic distance no longer increases (Rousset,
2000; Wilkins, 2004). Therefore, the regression slope of identity versus physical separation was
calculated using a spline function.
Spline functions are useful in finding where the breakpoints (‘knots’) should be in a
piecewise function such as when the genetic distance saturates (Marsh & Cormier, 2002).
Therefore, a cubic spline method was implemented on the genetic identity versus physical
separation data with three unknown knots. This leads to the calculation of two regression slopes
between the knots where the first slope is the slope that is used to generate the IBD slope. The
inverse of this slope is then used to generate an estimate of dispersal distance from IBD (LIBD).
Figure 2 shows an example of how the slope was calculated. One plot shows the slope
calculation when the saturation is evident and the other shows it when the saturation is not
visible.

Results
Three issues can arise when the dispersal is asymmetric instead of symmetric. First,
estimates made from the slope of genetic distance versus physical distance may no longer give
good estimates of the standard deviation of the dispersal distribution Ldiff. Therefore, LIBD will not
match Ldiff well. Second, LIBD may not estimate the average distance downstream larvae travel
Ladv. Therefore, LIBD will not match Ladv well. Lastly, LIBD may not be a good measure of the root
square distance between parents and offspring, which with an asymmetric dispersal will be a
function of both Ladv and Ldiff. It is important to be able to estimate both Ladv and Ldiff as they play
key roles in determining the genetic diversity of the population. These two parameters determine
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the fecundity a species needs to persist at a location, the region of the population where genetic
diversity is maintained, the time and location of the most recent common ancestor for the
population, and the effective population size Ne (Teller & Pringle, 2021 , Byers & Pringle, 2006,
Wares and Pringle 2008).

Testing LIBD as a measure of Ldiff
When there is no asymmetry present (Ladv=0) Rousset (1997), and Sawyer (1977) have
argued that Ldiff=LIBD. Consistent with this, the model shows that when Ladv=0, as Ldiff increases,
LIBD is nearly equal to Ldiff (Figure 3). When the larval dispersal becomes asymmetric (Ladv>0) and
Ldiff is smaller than Ladv, LIBD from the model overestimates Ldiff and the estimates do not follow
the linear relationship that would be expected from the symmetric dispersal literature. As Ldiff
increases, a linear relationship still begins to form but is still an overestimate of Ldiff (Figure 3).
For small values of Ladv, LIBD estimated in the model is nearly indistinguishable from estimates
without an asymmetry (Figure 3). Therefore, there are values Ladv for which LIBD is a good estimate
of Ldiff, but as Ladv increases, LIBD becomes a poor measure of Ldiff.
If LIBD is a good estimate of Ldiff it would be expected that values of LIBD would be
constant as Ladv changes. This is not the case (Figure 4). As Ladv increases, estimates of LIBD
increase as well. Ladv causes LIBD to be larger than Ldiff. This can be viewed by looking at the
relative error between LIBD and Ldiff. The relative error is calculated as the difference between
Ldiff and LIBD divided by Ldiff:
𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝐸𝑟𝑟𝑜𝑟 =

!!"## "!$%&
!!"##

.
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When Ldiff is relatively larger than Ladv the relative error between LIBD and Ldiff is smaller.
However, the error in the estimate of Ldiff always increases with increasing Ladv (Figure 5).
Therefore, estimates of the standard deviation of larval dispersal distance (Ldiff) made from
isolation by distance (LIBD) are likely to be overestimated in marine and riverine environments
where the mean currents are likely to be large.

Testing LIBD as a measure of Ladv and the RMS distance between
parents and offspring
LIBD is also a poor estimate of Ladv. When Ladv is smaller than Ldiff the relative error
between LIBD and Ladv is usually negative and order 1 in magnitude (Figure 6). The errors
decrease as Ladv increases but do not trend to zero. When Ladv is larger than Ldiff the relative error
does reach zero but keeps on growing after that. Therefore, the error never converges to zero but
just changes from an overestimate to an underestimate.
LIBD is also not a good measure of the average root square distance between parents and
offspring. The average root square distance should be a function of Ladv and Ldiff that converges
to Ldiff when Ladv=0 and converges to Ladv when Ldiff=0. When there is no asymmetry (Ladv=0)
the relative error is zero. When there is a low amount of asymmetry present in the system
(Ladv<Ldiff) the estimator gives overestimates of the root mean square distance that becomes
underestimates as the Ladv becomes greater than Ldiff (figure 7). As when comparing the relative
error between LIBD and Ladv, the relative error between LIBD and the average root square distance
does become zero at one point, but it does not stay there, nor does it trend to zero. For larger
values of Ldiff, the error is less severe but overall, LIBD is not a good measure of the root mean
square distance between parents and offspring.
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Overall, the estimator LIBD does not give a good measure of any of the dispersal length
scales when Ladv is not << Ldiff. This is to be expected – as a single length scale LIBD cannot
simultaneously predict two independent length scales, Ladv and Ldiff (Buckingham, 1915).

Effects of Population Density
In the results presented above the size of the simulated population is much smaller than
those seen in the real world. Most populations are orders of magnitude larger than those
simulated here. A larger population over the same domain length would lead to a larger
population density. Therefore, it must be considered whether the population density will affect
the conclusions above.
When Ladv is significant, the estimates of LIBD will to some extent depend on the
population density within the limit of small population density. When the population density is
small there is added error because the size of the sample decreases. As the population density
increases the error between LIBD and Ldiff gets smaller (figure 8a). When there is a small amount
of asymmetry all the estimates of LIBD give similar results no matter the population density. With
increasing asymmetry all the estimates with varying population density still give overestimates
of Ldiff, but the larger the population density the smaller the overestimation.
The values of LIBD with increasing population density converge to a value that is different
from Ldiff, which shows that LIBD remains a poor estimator of either Ladv or Ldiff even as
population density increases (Figure 8b). Therefore, the results presented above, and the
discussion of time scales below do not qualitatively change with real-world population sizes and
densities. They may change quantitatively, but the convergence of estimates for large population
density still shows that at best LIBD gives an overestimate of Ldiff.
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Infinite Domain
To start to understand how LIBD fails to estimate dispersal infinite systems with
asymmetric dispersal, it is first useful to consider a system where there is a mean dispersal
downstream of propagules (Ladv) in addition to the stochastic variation (Ldiff) in a linear
population of infinite alongshore extent. In this population, an asymmetry would shift individuals
a finite distance down the domain every generation. Since this shift is finite and the spatial
domain is infinite, we can transform the along-domain coordinate system to one that shifts
downstream by Ladv each generation. In this new coordinate system, the population will act as a
steppingstone model and the migration would be solely dependent on Ldiff. Therefore, estimates
of dispersal made from IBD would be good estimates of Ldiff. So, in an infinite domain,
asymmetric dispersal would not affect the spatial structure of diversity and would not change the
relationship between genetic and physical distance.

Half Infinite Domain
Now consider a half infinite domain where there is an upstream boundary to the species
extent. At this boundary, there can be no further settlement from individuals farther upstream
because there are no individuals farther upstream. The population at this upstream edge must be
maintained by larvae that originate at the edge, or from locations close to the upstream edge.
Byers and Pringle (2006) quantified the magnitude of propagule production required to allow the
population to persist at this upstream edge without larval input from further upstream. Wares and
Pringle (2008) quantified the size of the region adjacent to the upstream edge that provides the
propagules which maintain the population at the upstream edge of the domain. Genes in this
region must be maintained by larvae from that region because there is no source of offspring
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from further upstream. Therefore, this region must only be a source region and not a sink region;
this is unlike all other portions of the domain which are sinks of larvae from farther upstream and
sources for regions farther downstream. We will call this upstream region the “population source
region”.
In chapter 2, it is shown that a novel allele that appears in the population source region
will go to fixation at a rate equal to that of a neutral population with the same size as that of the
population source region. Outside of the population source region novel alleles are lost at a much
faster rate and therefore have much lower probabilities of becoming fixed. This leads to a
source-sink dynamic where the allelic diversity of the population is largely dependent on the
population source region.
Following chapter 2, The size of the population source region can be seen to be
dependent on the two dispersal length scales Ladv and Ldiff. This can be seen by looking at how
far an average larva will travel after n generations due to the mean transport and the spread.
Every generation larva will be moved through the population a distance of Ladv±Ldiff. After n
generations the location of the larva will be normally distributed according to the central limit
theorem (Laplace, 1812). The mean of the distribution of larvae locations would be n*Ladv units
downstream, while the spread about this distance would be √𝑛 ∗ 𝐿#$%% (Byers & Pringle, 2006a;
Siegel et al., 2003). To maintain an allele in the upstream edge the average downstream transport
must be counteracted by the stochastic spread upstream; so, these distances must be equal.
Therefore, setting the distance of movement by the mean and stochastic components of dispersal
equal, after 𝑛 =

!'!"##
!'(!)

generations the average movement of larvae by the mean currents and the

Page 55

stochastic variance of dispersal are equal. Based on this, the length of the population source
region is (Wares & Pringle, 2008)

𝐿&'()*+ =

!'!"##
!(!)

.

(1)

The population of this region is the population in which the genetics is maintained without the
influence of migration from elsewhere because this region contains individuals whose parents
most likely came from this same region. However, most larvae from this region settle
downstream; the larvae that spread from this upstream source region are the initial source for a
chain of source/sink populations that extend (in this simple model with spatially uniform
dispersal statistics). However, far enough downstream from the upstream edge, the distribution
of alleles will have had enough time to reach a new mutation/fixation balance, and the population
genetic statistics will again resemble that of an infinite domain.

Finite Linear Population
A more realistic habitat is a finite linear population with a well-defined extent, outside of
which the habitat is unsuitable for individuals to survive. In this finite linear habitat, there are
two edges: an upstream and a downstream edge; larvae that settle outside of either will die.
When the asymmetry is present the direction of the asymmetry will cause offspring of
individuals near the downstream edge to be lost to the population while offspring released at the
upstream edge will be spread into the habitable domain. Offspring from the upstream edge will
be from the population source region. Because the downstream edge causes offspring and genetic
variation to be lost to the population the relationship between the length of the domain and the
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dispersal statistics will become important and can lead to estimates from IBD to be larger than
Ldiff as seen in the results above.

Dispersal Time Scales
In a finite linear habitat, the timescales at which genetic diversity is maintained are
important in understanding when LIBD will fail. To do this, consider the average time it would
take for a novel allele to move through the domain. The movement of a novel allele through the
population will be based on the timescale of mean transport Ladv or the spread Ldiff of dispersal.
Whichever moves a lineage across the length scale of interest in the fewest generations will
dominate the dynamics over that length scale. Consider a new allele at the upstream end of the
domain. If there were only mean transport (Ladv finite, Ldiff=0) moving individuals downstream,
an allele would move a distance of n*Ladv after n generations. Eventually, this allele would make
it to the downstream end of the domain and be flushed out of the domain in a time of 𝑇,#- = !

!
(!)

where L is the length of the domain.
Now consider an allele in the middle of the domain and allow for just symmetric
stochastic transport (Ladv=0, Ldiff finite). Since this is a diffusive process this would move the
allele away from the center of the domain a distance of √𝑛 ∗ 𝐿#$%% after n generations (Fourier,
2009) . Thus, considering the length of the domain, the average time for the allele to spread
!'

would be 𝑇#$%% = !'

!"##

.

Finally, considering the mutation rate µ and the fixation rate k. For neutral mutations, it
can be shown that the fixation rate k is equal to the mutation rate µ when the allelic diversity is in
steady-state, as it is for the results shown here (Tomizawa, 2000). Thus, the mutation rate can be
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used to determine the average time for a mutated allele to go to fixation, which would be 𝑇.(/ =
0
1

. By comparing the ratio of these average times, it can be determined whether mutation, mean

transport, or spread affects what the genetic diversity should look like at mutation drift
equilibrium.
The ratio of Tadv to Tmut is
2(!)
2*+,

=

2

!∗1
!(!)

(2)

.
2

Therefore, when 2(!) = 1 the average times are the same and when 2(!) < 1 the average
*+,

*+,

transport sends alleles downstream faster than they can be introduced by mutation. This leads to
the conclusion that if 𝐿,#- > 𝐿 ∗ µ, then, on average, a novel mutation is lost downstream before
the next one arises. The parameter range 𝐿,#- > 𝐿 ∗ µ will be called “the mean transport
dominated” part of parameter space.
When the time it takes for the mean transport Ladv to move lineages through the domain
(Tadv) is less than Tmut, lineages are moved downstream through the domain faster than mutations
can arise. Therefore, the population becomes more related at further distances than when Ladv=0
because most lineages have not mutated as they are transported through the domain and thus are
the same as the ones at the upstream edge source region. This will cause individuals that are
separated by large distances to have a smaller genetic distance than in the case with no
asymmetry. The smaller genetic distances at larger separations will cause the IBD slope to be
smaller and thus increase dispersal distance estimates derived from LIBD.
Similarly, the ratio of Tdiff to Tmut is
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This leads to the conclusion that when 𝐿#$%% > L ∗ √µ Ldiff dominates the genetic diversity of
the population and novel alleles are spread out through the domain faster than they are added.
The parameter range 𝐿#$%% > L ∗ √µ will be called the “spread dominated” part of the
parameter space.
The area of parameter space, which is both in the “mean-transport dominated” space and
the “spread dominated” portion of parameter space is the “mixed-dominated” portion of
parameter space. The area of parameter space that is neither “mean-transport dominated” nor
“spread dominated” is the “classical” part of parameter space where LIBD will give a good
estimate of Ldiff.
When the time it takes for the spread of alleles to move lineages through the domain
(Tdiff) is smaller than Tmut, then lineages spread through the population faster than mutations can
arise in those lineages. This leads to individuals throughout the domain being closely related.
Therefore, individuals that are separated by large distances will have a similar genetic distance to
individuals that are separated by small distances. Therefore, the genetic distance versus
separation graph will be very noisy. This will lead to an IBD slope that is small and nearly zero
which produces dispersal distance estimates that are large and nearly infinite. Therefore, the
estimates made from isolation by distance will grossly overestimate Ldiff. This occurs because
when Tdiff is smaller than Tmut the population is essentially panmictic. Panmictic populations
have no spatial structure and therefore the IBD slope would not be able to measure a dispersal
distance in these populations.
Lastly, the ratio of Tdiff and Tadv is
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If LSource is bigger than L, then on average the stochastic spread of alleles by Ldiff dominates the
movement of alleles in the population. If LSource is smaller than L, then on average the movement
of alleles is dominated by the strength of the asymmetric transport Ladv. Having LSource bigger
than L creates a population that is behaving as a neutral population only affected by genetic drift
because the entire population is now the source population (Teller & Pringle, 2022).Therefore,
anything under the curve of LSource=L will have the relationship that LIBD=Ldiff when using the
IBD slope as an estimate for dispersal distances.

The Four Sections of Parameter Space
These time scales split the parameter space into four sections based on the effect the
parameters have on estimates made from IBD (figure 9). When 𝐿,#- > 𝐿 ∗ µ and 𝐿#$%% < L ∗
√µ (the mean-transport dominated part of parameter space) the asymmetry in the dispersal
dominates the relatedness between individuals. This leads to individuals being separated by large
distances to have small genetic distances. In turn that causes estimates from IBD to be larger
than would be expected from Ldiff alone, and LIBD says nothing about Ladv. When 𝐿,#- < 𝐿 ∗ µ
and 𝐿#$%% < L ∗ √µ (the classical part of parameter space) the asymmetry in larval transport
does not matter. The genetics of the population will be maintained by the stochastic movement of
Ldiff. Therefore, estimates from IBD will match classical results and LIBD will be an accurate
estimate of Ldiff but will still say nothing about Ladv. When 𝐿,#- < 𝐿 ∗ µ and 𝐿#$%% > L ∗ √µ
(the spread dominated part of parameter space) the spread in the dispersal dominates the
relatedness between individuals. This means that the population can be treated as panmictic and
IBD slopes will give poor estimates of Ldiff and Ladv. Finally, when 𝐿,#- > 𝐿 ∗ µ and 𝐿#$%% >
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L ∗ √µ (mixed dominated part of parameter space) both aspects of the dispersal statistic effect
the relatedness between individuals. When LSource<L individuals at large distances and small
distances all have roughly the same genetic relatedness. Therefore, IBD estimates will produce
very large values of dispersal that again are not good estimates of either Ldiff or Ladv. Based on
these 4 sections of parameter space there is one section where LIBD still works to measure Ldiff,
one section where Ldiff is overestimated, and 2 sections where LIBD breaks down and is no longer
a good fit for the population. No matter the section of parameter space, the estimate LIBD never
gives any information about Ladv.

Discussion
Overall, when the asymmetry in dispersal Ladv is strong enough the estimator LIBD is an
overestimate of Ldiff and does not measure Ladv or the root square distance between parent and
offspring. This result can be expected from the outset as there is a single estimated length scale
LIBD for two independent length scales Ladv and Ldiff. One length scale cannot give an accurate
measure of two independent length scales. Therefore, results that use LIBD in environments with
asymmetric dispersal are most likely reporting an overestimate of Ldiff and say nothing about Ladv
or the root squared distance between parents and offspring. This is important because dispersal
statistics and the root square distance both play important roles in understanding the population
dynamics and the population genetics of organisms (Barton, 1992; Chust et al., 2016; Teller &
Pringle, 2022; Wares & Pringle, 2008).
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IBD and Time to Most Recent Common Ancestor
One way to understand why dispersal estimates from IBD lead to overestimates of Ldiff in
a finite linear habitat is by looking at the genetic diversity in a population. If the diversity of a
population of size N is lower than what would be expected for that population then the pairwise
genetic distance of individuals throughout the population will decrease as all individuals become
more closely related. Therefore, when the diversity of the population is decreased, isolation by
distance slopes will be smaller leading to overestimates of dispersal distances.
The genetic diversity of a population is in part governed by the most recent common
ancestor (Austerlitz et al., 1997). The longer the time to the most recent common ancestor, the
more diversity in the population because mutation and genetic drift have had longer to act on the
genetics of the population in the time since all lineages originated at the last common ancestor.
In a finite linear population with asymmetric dispersal, it has been shown that the time to the
most recent common ancestor decreases as Ladv increases. This leads to finite linear populations
with asymmetric dispersal having much lower genetic diversity than would be expected which
would lead to the overestimates of Ldiff that have been shown in the results. Chapter 2 provides
estimates for how much the time to the most recent common ancestor decreases with increased
Ladv.
Based on the results from chapter 2 the sections of parameter space where IBD estimates
of Ldiff are reliable can be understood based on the most recent common ancestor. When
LSource>L the entire population is a source population as described above. Therefore, the genetics
of the population will match that of a neutrally evolving population. This means that the average
time to the most recent common ancestor of the population becomes 2*N*Hdens, where Hdens is
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the density of the population per unit length. Since the entire population is the source population,
ancestors of individuals can come from anywhere. Thus, the average location of the most recent
common ancestor becomes the middle of the population’s habitat. This leads to LIBD being a
good estimate of Ldiff but still does not say anything about Ladv.
When LSource<L the population source region becomes a region in the upstream edge that
is smaller than the length of the population’s habitat. This leads the average time to the most
recent common ancestor of the population decreasing to 2*LSource*Hdens. Since LSource is the
length of the population source region, the average location of the most recent common ancestor
will be a distance LSource/2 away from the upstream edge. Also, because ancestors mostly come
from the population source region, individuals separated by large distances will have lower
genetic distances than expected. Thus, when LSource<L, 𝐿,#- > 𝐿 ∗ µ, and 𝐿#$%% < L ∗ √µ the
average movement downstream dominates the genetics of the population and creates estimates of
dispersal that are overestimates of Ldiff and say nothing about Ladv. It is in this section of
parameter space where discrepancies of estimates of dispersal from IBD occur and could help
explain IBD results seen in the literature (Selkoe & Toonen, 2011; Weersing & Toonen, 2009).

Examples of Real-World Environments
Existing techniques for measuring dispersal distance using IBD slope and genetic
distances fail to tell the whole story when used on a finite linear population with asymmetric
dispersal. The problem is that the isolation by distance techniques assume symmetric dispersal
and only account for one length scale in the dispersal, Ldiff. When there is an asymmetry a second
length scale is introduced Ladv. This second length scale begins to change the results derived
from isolation by distance in a fundamental way but cannot be estimated using existing
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techniques. Besides changing IBD results, Ladv is also important in determining the population
source region and the genetic diversity of the population. Therefore, it is just as important to be
able to estimate both Ldiff and Ladv in a population.
Furthermore, the values of Ldiff and Ladv that exist in the literature and real habitats are in
the section of parameter space where IBD slopes give overestimates of Ldiff (Bingham & Young,
n.d.; Davis & Butler, 1989; Pringle et al., 2011). One example is the European green crab
(Carcinus maenas) along the northeast coast of North America. Values of Ldiff and Ladv have
been estimated by numerical simulation on a neutral allele in the population to be on average
67km and 234km respectively (Pringle et al., 2011). Considering an upper limit for the mutation
rate of many species is around 5*10-4 (Estoup & Angers, 1998) and the length of the coast being
about 3000km if 𝐿,#- > 1.5𝑘𝑚 and 𝐿#$%% < 68𝑘𝑚 the population would be in the mean
transported part of parameter space. Given the estimated Ladv and Ldiff of the green crab, existing
techniques would give an overestimate of the variation of dispersal (Ldiff) and say nothing about
the mean distance downstream (Ladv).

Relationship to Oceanographic values and PLD
In the ocean, the typical values of Ladv and Ldiff will vary for different species. Since Ladv
represents the average distance downstream larvae travel a range of values can be represented by
𝐿,#- 456 < 𝐿,#- < 𝐿,#-234 where 𝐿,#-234 is the maximum average distance one might find for
larval transport in the oceans and 𝐿,#-2$5 is the smallest average distance of larval transport in
the oceans. Since Ldiff is the variation in the downstream movement, the range of values can be
represented as 𝐿#$$% 456 < 𝐿#$%% < 𝐿#$%%234 where 𝐿#$%%2$5 would be the minimum variation in
currents that might be seen in the oceans and 𝐿#$%%234 is the maximum variation in the currents.
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With these ranges of Ladv and Ldiff and the fact that the parameter space is split up based on the
length of the habitat (L) and the mutation rate µ, there will be certain habitat lengths that will
give different IBD results within these parameter ranges. Given that there are 4 values
(𝐿,#-2$5 , 𝐿,#-234 , 𝐿#$%%2$5 , 𝐿#$%%234 ) that determine the parameter ranges this leads to six
scenarios in how the length of the domain can determine what part of parameter space IBD
results may come from.
To understand which scenarios, make the most sense in the ocean, consider some realistic
values for the length of the habitat (L), Ladv, Ldiff, and the mutation rate. A mutation rate for fish
has been found to be around 1*10-6(Ji-Lun et al., 2019). When considering habitat length, it can
be assumed that the habitat would be shorter than the distance from one pole to the equator. This
would be about 10,000km. This is still a large overestimate of the length of most species’ coastal
habitats, so splitting the 10,000km roughly into the tropics, mid-latitudes, and high latitudes
gives three regions with lengths of about 3500km. Therefore, a reasonable estimate of a typical
habitat scale would be 3,500km. It has been shown that Ladv=U*PLD, where U is the mean
velocity of the currents and PLD is the planktonic larval duration (Byers & Pringle, 2006b;
Siegel et al., 2003). It has been observed that the range of current velocities along the coast is
roughly .05ms-1 < U < .2ms-1 (Beardsley et al., 1985; Winant et al., 1987). Converting to km/day
gives a range of current velocities of 4km/day < U <18km/day. Similarly, it has been shown that
that 𝐿#$%% = 𝜎 ∗ ?𝜏! ∗ 𝑃𝐿𝐷, where σ is the variance in alongshore currents and τL is the
Lagrangian decorrelation time scale. Typical values for τL are 2 to 4 days (e.g., Davis 1985,
Swenson & Niiler 1996, Brink et al. 2000, Poulain 2001). The variance in the alongshore
currents is similar in size to the actual currents themselves. Therefore, the range of values for σ
would be 2

*.
7

< 𝜎 < 18

*.
7

8.

8.

(Winant et al., 1987) which converts to 1.7 #,9 < 𝜎 < 15.6 #,9.
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The ranges of Ladv and Ldiff seen in the coastal oceans are functions of PLD. It has been
shown that PLD is bimodal, with some species having a PLD of less than a day or so and others
having PLDs of several weeks or more (Shanks et al., 2003). Therefore, the analysis below will
be done with two different values for PLD. One with a short PLD of 0.5 days and another with a
longer PLD of 20 days. These are typical values and are not exhaustive of all possible PLDs in
the oceans but are representative of many common species.
A short PLD of about 0.5 days leads to 2km<Ladv<9km and 1.7km<Ldiff<22 km. The
habitat lengths that determine what part of parameter space IBD results come from will depend
on Ladv, Ldiff, and µ. Taking the max and min values for Ladv and dividing by the mutation rate
(µ) gives the minimum and maximum length scales over which mean transport dominates IBD
results. This gives

!(!)2$5
:

= 2,000,000𝑘𝑚 and

!(!)234
:

= 9,000,000𝑘𝑚. Similarly, taking

𝐿#$%%2$5 and 𝐿#$%%234 and dividing by √𝜇 gives the maximum and minimum values for when
the spread may dominate IBD results. This division results in
!!"##234
√:

!!"##2$5
√:

= 1700𝑘𝑚 and

= 22,000𝑘𝑚. Therefore, four habitat lengths divide IBD results from parameter space

into 5 categories. Figure 10 shows these regions for a PLD of .5 days. For all reasonable habitat
lengths, IBD results come from either the mixed dominated or mean transport dominated parts of
parameter space. There is not a reasonable habitat length where classical IBD results will hold.
In most typical cases σ and U are roughly the same. This leads to two extreme cases 𝜎 =
8.

8.

𝑈 = 4 #,9 or 𝜎 = 𝑈 = 18 #,9 which gives either 𝐿,#- = 2𝑘𝑚 𝑎𝑛𝑑 𝐿#$%% = 4𝑘𝑚 or 𝐿,#- =
9𝑘𝑚 𝑎𝑛𝑑 𝐿#$%% = 25𝑘𝑚. In either case, the results are qualitatively the same as results from
small habitat lengths coming from the mixed dominated part of parameter space (figure 11).
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Results from moderate habitat lengths will come from the mean transport-dominated part of
parameter space. Lastly, the domain would have to be larger than 2,000,000km or 9,000,000km
for results to come from the classical part of parameter space.
Now considering a long PLD of 20 days leads to 80km< Ladv<360km and
11km<Ldiff<140km. Dividing the max and min values of Ladv by µ gives that
80,000,000𝑘𝑚 and
Ldiff gives that

!(!)234

!!"##2$5
√:

:

!(!)2$5
:

=

= 360,000,000𝑘𝑚. Similarly dividing the max and min values for

= 11,000𝑘𝑚 and

!!"##234
√:

= 140,000𝑘𝑚. Figure 10 shows the 5 regions

of habitat lengths for a PLD of 20 days. Here all reasonable habitat lengths will give IBD results
from the mixed dominated part of parameter space. Therefore, IBD estimates will only be valid
if LSource>L.
Again, it is typical for the average currents (U) and variation of the currents (σ) to be the
same in the oceans. For this longer PLD of 20 days, this leads to two new sets of extreme values
for Ladv and Ldiff. These are 𝐿,#- = 80𝑘𝑚 𝑎𝑛𝑑 𝐿#$%% = 13 or 𝐿,#- = 360 𝑎𝑛𝑑 𝐿#$%% = 161.
Notice here that Ladv is bigger than Ldiff in these extremes as compared to when PLD is half a
day. Overall, the qualitative behavior of the length scales does not change only the relative sizes
of the lengths (figure 11). For all reasonable habitat lengths (<13,00km and <160,000km
respectively) IBD results come from the mix dominated part of parameter space. Again IBD
estimates will only be valid in this region if LSource>L. Habitat lengths that give IBD results from
the classical part of parameter space would not exist on Earth.
For both short and long PLD values, most results from IBD estimates will come from the
mix-dominated or mean transport-dominated parts of parameter space. Therefore, estimates of
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dispersal will be at best overestimates of LIBD (for mean transport dominated) or be able to say
nothing about either parameter (for mixed dominated). In all cases, classic results most likely do
not exist in coastal oceans. Since many realistic populations exist in the mixed dominated region
of parameter space the length of the source region would be what determines whether estimates
from LIBD accurately measure Ldiff but will still say nothing about Ladv.
Since many populations would have values of Ladv and Ldiff where isolation by distance
gives a slope that overestimates Ldiff and says nothing about Ladv, the results presented above
may also help to explain the discrepancies that have been seen when trying to correlate platonic
larval duration (PLD) with estimates of genetic connectivity (Selkoe & Toonen, 2011; Shanks,
2009; Siegel et al., 2003; Weersing & Toonen, 2009). PLD is the time that the planktonic larvae
spend in the water column and it has been shown that PLD correlates well with dispersal distance
(Shanks et al., 2003) (R2=.94). Selkoe and Toonen (2011) looked at PLD versus LIBD for species
in Siegel et al. (2003) and additional species that were analyzed since then. Selkoe and Toonen
(2011) grouped their data into 2 sets: one where IBD was present and another where IBD was
not present. The existence of the group with no IBD present is expected from the discussion
above. When the length of the habitat is such that IBD results come from the mixed dominated
part of parameter space, then an IBD signal may not be present. Siegel et al. (2003) found a
strong fit when looking at PLD versus LIBD (R2=.80), while Selkoe and Toonen (2011) found
only a moderate fit with their extended data (R2=.34).
The correlation between PLD and LIBD is going to be dependent on what LIBD is
measuring in terms of dispersal. Based on the discussion above many species will exhibit values
of 𝐿,#- > 𝐿 ∗ µ and where LIBD will not measure Ladv at all and is at best an overestimate of
Ldiff. Being able to only overestimate one of the dispersal parameters would lead to the
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correlation of PLD versus LIBD having low R2 values. This is because PLD has the highest R2
value when there is no asymmetry and LIBD measures Ldiff well, hence PLD would correlate with
LIBD as well as it correlates with dispersal distances themselves. When LIBD does not measure
just Ldiff then the R2 values are going to decrease because the variation in dispersal is going to
depend on both Ladv and Ldiff and LIBD is only at best an overestimate of one of them. Therefore,
the moderate correlation between LIBD and PLD of R2=0.34, as seen in Selkoe and Tonnen
(2011), would be expected. Although this moderate correlation is common for many species,
different species with values of Ladv and Ldiff in the classical part of parameter space or a
population source region larger than the length of the domain in the mixed-dominated part of
parameter space could lead to better correlations between PLD and LIBD. Therefore, the
correlation between LIBD and PLD of R2=0.8, seen in Siegel et. al. (2003), could also be true
given the discussion of length scales above. Overall, this shows the peril of correlation studies
when there is not a full understanding of the relationship between the two parameters. Without a
more accurate understanding of the actual relationship as presented here, the correlation between
PLD and LIBD can be misleading and uninformative.

Consequences in Marine Reserves
The problem of over-estimations of Ldiff and no information on Ladv can significantly
impact the relevance of LIBD to the development and maintenance of marine reserves. Marine
reserves rely on dispersal distances to make informed decisions on how large of an area should
be protected to maintain population diversity (Botsford et al., 2003; Shanks et al., 2003). The
dispersal distance in marine species with asymmetric dispersal will be Ladv±Ldiff. Therefore, if
decisions for marine reserves are being made on overestimates of Ldiff, the reserve might be too
big or too large as the average distance Ladv is unaccounted for. This would not be such a
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problem if there was no average distance as an overestimate of Ldiff would still provide a
functional marine reserve.

Conclusion
Overall, mixed dominated IBD slopes that accurately estimate Ldiff only occur for
populations where the length of the source region is bigger than the length of the habitat.
Classical IBD slopes also do not say anything about Ladv or the root squared distance between
parents and offspring. Therefore, IBD slopes do not give an accurate measure of dispersal
distance and different techniques are necessary to be able to measure dispersal distance from the
genetic data in these environments. Sampling populations at multiple locations in a single
generation will not give us enough data to estimate the dispersal in these cases. What could help
to estimate the dispersal distance is looking at multiple generations. This along with estimates
from spatial data could give us two independent estimates of the relationship between Ldiff and
Ladv, giving us the ability to measure each of them and define dispersal distance as Ladv±Ldiff.

Page 70

Figures

Figure 1 The top picture shows the average current flow of the northeastern United States. The
bottom picture shows the resulting dispersal when there is isotropic dispersal and when there is
asymmetric dispersal. P represents the parent’s location while the distribution represents possible
offspring locations.
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Figure 2 Isolation by distance plots for 2 sets of parameters Ladv and Ldiff. The two plots show
how the estimator LIBD is derived from the slope of genetic distance versus physical separation.
In both plots, a spline method is used to figure out the two different slopes present in the data.
The plot on the right has a visible saturation curve while the plot on the left does not. This is due
to Ldiff being large enough that the saturation would occur at a distance larger than the domain
size.
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Figure 3 Estimates made from isolation by distance slopes for a constant Ladv and changing Ldiff.
Error bars are the standard error of dispersal estimates from LIBD. When Ladv is 1 the estimates of
LIBD are the same as when Ladv is 0. When Ladv increases to 20 the estimates are large for small
Ldiff and then increase linearly but are still larger than when Ladv is 0 or 1. Standard errors are
shown as the vertical bars.
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Figure 4 Estimates made from isolation by distance with constant Ldiff. The figure on the left are
averages of LIBD estimates from our model with a Ldiff of 20 with standard error bars. The figure
on the right are averages of LIBD estimates from our model with a Ldiff of 40 with standard error
bars. In both cases as Ladv increases, the estimates from isolation by distance grow larger.
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Figure 5 Relative error between Ldiff and LIBD with increasing mean currents (Ladv). The red line
is with a constant Ldiff of 40 and the blue line is with a constant Ldiff of 20. When Ladv is small
both the relative errors are about the same. As Ladv increases, both relative errors increase but the
error when Ldiff=40 is less than for Ldiff=20
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Figure 6 Relative error between Ladv and estimates of dispersal made from isolation by distance
with a constant Ldiff. The red line is with a constant Ldiff of 40 and the blue line is with a constant
Ldiff of 40. When Ladv is small both the relative errors are very large and negative. As Ladv
increases, both relative errors increase but the error when Ldiff=40 is less than for Ldiff=20.
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Figure 7 Relative error in estimates made from isolation by distance and the root mean square
distance between parents and offspring with increasing Ladv and constant Ldiff. When Ladv=0
relative error is zero. For small values of Ladv, the estimates from isolation by distance
overestimate the root mean square distance. As Ladv increases, these estimates then underestimate
the root mean square distance. When there is a smaller Ldiff the over and underestimations are
greater, but overall, these estimates do not give accurate measures of the root mean square
distance between parents and offspring in an advective environment.
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a)

b)

Figure 8 The figure on the left shows the estimator LIBD for varying population densities and
fixed Ldiff=20. Standard errors are shown as vertical bars. Figure b shows a cross-section of LIBD
versus population density for a fixed Ladv=30 and Ldiff=20. In Figure a, the density decreases
from the bottom diamonds up to the top. As Ladv increases all estimates increase as well, but the
smaller the population density the larger the overestimate. When Ladv is small all three estimates
are roughly the same. Overall, as density increases results stabilize to an estimate that is still an
overestimate of Ldiff.
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Figure 9 Parameter space diagram. Based on the time scales of movement downstream and
spread Isolation by distance techniques may or may not work to accurately estimate dispersal
distance. The red curve in the upper right quadrant is the L=LSource curve. In the bottom left
corner of parameter space and below the red curve IBD estimates will measure Ldiff accurately.
Otherwise in the other 3 sections, IBD estimates will either be overestimates or not say anything
about dispersal in general.
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Figure 10 Comparison of what part of parameter space IBD results will come from for varying
habitat lengths and PLD=0.5 days and 20 days. For reasonable habitat lengths <3500km IBD
results only come from the mixed or mean transport dominated parts of parameter space. Both
line graphs are quantitively the same just with different habitat lengths breaking up the resulting
parts of parameter space. With larger PLD there are no reasonable habitats that would give
classical IBD results.
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Figure 11 Habitat length line graphs for when the mean and average currents are the same. In the
top left and bottom left line graphs the mean and average currents are 4km/day while in the top
right and bottom right the mean currents are 18km/day. The black line graphs are a PLD of half a
day while the blue line graphs are a PLD of 20 days. All four graphs are qualitatively the same
with the only difference being at what habitat length the IBD results change. In these cases, most
populations will come from the mix dominated region of parameter space
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Chapter 4
Temporal Estimates of Asymmetric Dispersal Statistics from
Genetic Identity in Time and Space
Many natural populations have dispersal that is biased in one direction (asymmetric
dispersal) due to physical factors in the environment such as the currents in rivers and coastal
oceans, as well as the wind that carries plant seeds in a preferred direction (“downstream”). In
Chapter 2, it has been shown that the isolation by distance (IBD) slope is not a good estimator of
the dispersal statistics when the dispersal of offspring is biased in one direction away from their
parents. When the dispersal is asymmetric the relationship between genetic distance and physical
separation does not give the standard deviation of the dispersal distance and says nothing about
the mean downstream dispersal that creates the asymmetry in the first place. In this paper, a new
technique is developed and used to estimate both the mean downstream distance and standard
deviation of the dispersal distribution when dispersal is asymmetric in a linear habitat with a
dispersal kernel of known shape. We derive an analytical solution for the mean and standard
deviation of the average genetic distance in time and space. A simulation of a simple finite linear
population is made over multiple generations with a simple dispersal kernel and used to test the
analytical results. The analytical solutions for genetic distance are then fit to simulated data with
an Approximate Bayesian Computation (ABC) rejection algorithm to illustrate how this solution
can be used to estimate both the mean and standard deviation of the dispersal distribution.
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Introduction
In many populations, the potential of an individual’s offspring to disperse through the
population habitat is an important factor in the ecology and evolution of a species (Botsford et
al., 2009; Cowen et al., 2007; Warner & Cowen, 2002). This dispersal potential has major
impacts on the persistence, adaptation, and genetic diversity of a population (Garant et al., 2007;
Gilmour et al., 2013; Underwood et al., 2009). Dispersal allows the spread of novel genes within
a population and helps maintain the genetic diversity and adaptive potential of a population
(Bourne et al., 2014). Knowing the dispersal potential of a species is also important for making
decisions about the conservation and sustainable exploitations of a population (Almany et al.,
2013; Botsford et al., 2009; Hastings & Botsford, 2006; Watson et al., 2012).
In many marine and wind-driven populations, the dispersal of offspring is driven by the
currents in the water or the air. This leads to the dispersal of offspring being biased in the
direction of the mean currents and asymmetrically around their parents (Álvarez-Noriega et al.,
2020; Siegel et al., 2003). Two important parameters help describe the dispersal when it is
asymmetric. The first is the vector average distance downstream that the currents take a
propagule (Ladv), which is biased in a preferred direction based on the currents. The second is the
standard deviation (Ldiff) of distances around the average downstream distance (figure 1). These
two parameters are important in understanding the dispersal potential of a population.
Both parameters also play an important role in understanding the genetic diversity of a
population, its effective population size, and the location in the habitat where novel alleles are
more likely to persist and be spread to the entire population (Wares & Pringle, 2008). Therefore,
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to fully understand the genetic structure and dispersal potential of a population with asymmetric
dispersal, estimates of both parameters are necessary.
One existing technique for measuring dispersal potential from the observed genetics of a
population is based on isolation by distance (IBD). IBD depends on the changes in pairwise
genetic distances in space between pairs of individuals sampled at the same time. When the
dispersal is symmetric and the population is one-dimensional, the slope of pairwise genetic
distances versus physical separation will be inversely proportional to the standard deviation of
the dispersal distribution (Rousset, 1997; Sawyer, 1977). However, in chapter 2 it was shown
that when the dispersal is asymmetric the IBD slope is no longer an accurate estimate of the
standard deviation of the dispersal distribution and does not give any estimate of the mean
downstream distance. Therefore, the IBD slope as it has been used is not a good estimator of
dispersal potential when the dispersal is asymmetric.
Looking at the genetics of a population through time can give the necessary data to
estimate both the average downstream distance (Ladv) and the standard deviation (Ldiff). Spatial
and temporal genetic data has been used with two generations to estimate dispersal using
parentage analysis and biophysical models (Bode et al., 2016, 2019; Dubé et al., 2020).
Parentage analysis has not been applied over multiple generations The novel approach presented
below looks at genetic distances between many individuals, not necessarily parents, in a
population by comparing the pairwise genetic distance between individuals at different locations
and times. By examining pairwise genetic distances as a function of both space and time we can
estimate the standard deviation and the average distance downstream larvae are sent. The
techniques developed below will work with both symmetric and asymmetric dispersal
distributions.

Page 89

In the section below, Approximate Bayesian Computation (ABC) methods are developed
to estimate the mean downstream distance and standard deviation of larvae of an iteroparous
organism along with a linear habitat under the assumption of a Gaussian dispersal kernel. The
methods below do not depend on the Gaussian dispersal kernel, but a Gaussian is used because it
is a relevant dispersal distribution for many coastal populations (Siegel et al., 2003). ABC
methods have a range of use in population genetics. Similar ABC methods to the one described
below have been used to estimate parameters in population genetics. Some examples are using
the number of pairwise differences over each haplotype to estimate the time to the most recent
common ancestor, estimating the scaled mutation rate from the number of segregating sites, and
estimating demographic parameters in Cane Toads (Estoup et al., 2001; Fu & Li, 1997; Tavaré et
al., 1997).
The approach of this paper is to first develop a numerical model of the genetics of a finite
linear population with asymmetric dispersal. This is done to understand how the statistics of
genetic distances between individuals in the population change in time when the dispersal is
asymmetric. The numerical model is run tens of thousands of times to produce the average and
standard deviation of genetic distances in space and time for a given Ladv and Ldiff. Equations for
the mean and standard deviation of genetic distances in space and time are derived in the results
section and compared to the numerical model runs to show the accuracy of these equations.
These equations are then used to form a statistical model that takes the genetic distances in the
present generation and gives the average and standard deviation of genetic distances in a later
generation for a given Ladv and Ldiff. The statistical model is then used in an approximate
Bayesian computation method to fit the parameters Ladv and Ldiff to the data generated from the
numerical model. This comparison is first done for an idealized population generated from the
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numerical model. Then some of the requirements of the idealized model are relaxed to test the
robustness of using the statistical model to fit the parameters to the data.

Methods
Simulated Population
To simulate the genetic distance of a population in space and time, a numerical model
was used to look at a population with a well-defined dispersing larval stage and discrete nonoverlapping generations. In this model, it is assumed that the population exists in a linear habitat,
for example, a coast or a stream, of N individuals where no other individuals could enter.
Therefore, in this model, the population of interest is the only population in the linear habitat.
The N individuals are hermaphroditic, do not self-inseminate, and are diploid. All individuals are
assumed to produce enough offspring to maintain the population at its carrying capacity (Kimura
& Weiss, 1964; Maruyama, 1970; Wright, 1943).
To simulate the asymmetry in the dispersal, larvae are dispersed a mean distance Ladv
downstream of their parent with a standard deviation distance of Ldiff. The dispersal kernel of the
population is a Gaussian distribution. The choice of a Gaussian was used as it is a good
representation of larvae dispersal in a coastal linear habitat (Siegel et al., 2003). Any offspring
that leave the habitat die off, which would be true when larvae cannot survive outside the
population’s habitat. As a result, the boundaries are considered absorbing, and, in the model, this
is represented by truncating and renormalizing the Gaussian distribution when it extends outside
of the species range. Equation 1 defines the probability of a parent being at location x given that
the offspring was at location i in a habitat of length L:
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The alleles of the population are modeled using an infinite sites model with a mutation
rate of µ mutations per loci per generation and mating occurs between neighbors (Kimura &
Crow, 1964). The population begins with a fixed number of alleles and is run until mutation/drift
equilibrium. This was checked by running the model until the number of alleles was
stochastically stable. All the individuals have the same number of loci. The more loci that are
used, the lower the variance when calculating the statistics from the genetic data, but at the cost
of computational time. When parents mate with their nearest neighbor the genes of the larvae are
drawn from the two parents allowing for independent assortment with no linkage between genes
(Mendel, 1865).
Genetic distances between individuals were calculated using Rousset’s a. Rousset’s a is
an estimate of the probability of decent within an individual compared to the probability between
two individuals. This is done by considering the indicator variable Xij:u where i is the individual
in the pair (1 or 2), j is the diploid gene (1 or 2), and u is the allelic type. If gene j of individual i
is of allelic type u, then the indicator variable is 1 otherwise it is 0. The sum of squares of allele
3

differences within a pair can be found by 𝑆𝑆,(-) = ∑.,/,1>𝑋./:1 − 𝑋.,/ ' :1 @ . The sum of squares of
allele differences between a pair of individuals can be found by 𝑆𝑆,(4) = ∑.,/,1>𝑋./5:1 −
3

𝑋.5,/ ' :1 @ . By comparing the sum of squares of alleles at a locus between two individuals and the
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sum of squares of an allele at a locus within an individual we can obtain an estimate of the
genetic distance as:
𝑎=

6377((*) &77,(-) 8∗:
3 ∑0
/ 77,(/)

,

(2)

Where SSb(p) is the sum of squares between a pair p of individuals, SSw(p) is the sum of squares
within the two individuals in pair p, and P is the number of pairs of individuals (Rousset, 2000).
This estimate can be done over multiple loci by summing each locus-specific numerator over
each locus-specific denominator. Rousset’s a is analogous to measuring Fst/(1-Fst) when using
subpopulations. All individuals were included in the calculations of pairwise genetic distances
except where noted.
A population of 100 individuals with 50 multi-allelic diploid loci was simulated to
mutation drift equilibrium with a mutation rate of µ=1.5*10-3. The simulated population was
much smaller than in natural environments. This artificially low population size was chosen for
computational tractability so that fewer generations are needed to reach stochastic equilibrium.
In the results, it is argued that a larger population density does not change the overall conclusions
and can help make the estimates better. A large mutation rate was used so that N*µ was large
enough that there was the same amount of genetic diversity in the simulated population as would
be seen in a realistic population. The genetic distances between pairs of individuals were first
collected after the initial model run of 8000 generations to allow the model genetics to reach a
steady state. In the one generation idealized model the mutation rate is effectively zero and there
is no sex. This is because mutations will not have enough time to affect the genetic distances
between individuals in one generation. Therefore, qualitatively mutations do not matter, and the
model can be considered accurate in the low mutation limit. It is argued in the discussion that for

Page 93

limited sex, like the nearest neighbor, sex will not affect the results unless the dispersal
parameters are small in comparison to the distance between individuals that mate.

Approximate Bayesian Computation Methods
Approximate Bayesian Computation uses Bayesian statistics to estimate the distribution
of model parameters of an observed set of data (D). Bayes theorem states that the probability
distribution of the parameters Ladv and Ldiff, given the observed data, is equal to the probability of
the observed data given the parameters Ladv and Ldiff times the probability of the parameters
divided by the probability of the observed data. That is:
P(L!"# , L"$%% |D) =

P(D|L!"# , L"$%% ) ∗ P(L!"# , L"$%% )
P(D)

(3)

P(Ladv, Ldiff|D) is known as the posterior distribution and is the distribution of interest in
most applications of Bayes theorem. Bayes theorem can be applied to estimate the distribution of
the parameters Ladv and Ldiff as a function of the observed genetic distances. The probability of
the observed data given the parameter P(D|Ladv, Ldiff) is known as the likelihood function and
the probability of the parameters P(Ladv, Ldiff) is known as the prior distribution. If we know the
likelihood, the prior, and the probability of the data, the posterior distribution of Ladv and Ldiff can
be calculated given the observed genetic distances. In many complex statistical models, the
likelihood function cannot be derived or might be computationally costly to evaluate. Therefore,
the likelihood is simulated, and an approximate posterior distribution is generated by simulating
through the likelihood. This is known as approximate Bayesian computation (ABC). The
simplest form of the ABC algorithm is the rejection algorithm.

Page 94

In the ABC rejection algorithm, parameters (here Ladv and Ldiff) are chosen randomly
from a prior distribution. These parameters are then used to generate data from the statistical
G ). The data generated from the statistical model is then compared to the observed data
model (D
using a distance metric, and if the generated data is too different from the observed data then the
parameters are discarded. A more precise way to put it is that the parameters of the generated
data are accepted with some small acceptance rate r. Many runs of the statistical model are
generated and only those with the smallest distances are accepted as part of the posterior
distribution. The distance measure used determines the difference between the generated data
and the observed data on a given metric such as the sum of squares difference. When the
acceptance rate is small the values of the parameters are approximately distributed according to
the posterior distribution. If the tolerance is allowed to be too large, then the posterior
distribution will converge to the prior distribution and no new information about the posterior
will be gained from the rejection algorithm. The smaller the tolerance the better and closer the
estimated posterior distribution is to the true posterior distribution. This does come at a tradeoff
of computational time as many parameter values will be rejected meaning many runs of the
model are necessary that do not produce any new values for the posterior distribution.
In the work presented below the observed data was generated from the numerical model
of a finite linear population at stochastic equilibrium. The data from the statistical model was
generated based on the average and standard deviation of genetic distances between individuals
separated by one generation in time and each possible location in space (derived in the results).
In this case, we have prior knowledge of the parameter values from the model, and Ladv and Ldiff
are chosen from a uniform distribution on the interval from zero to one quarter the length of the
domain. In a real-world scenario, the parameters would be chosen based on any known
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information about Ladv and Ldiff like knowledge about the biophysical movement of passive
particles in the habitat of interest (Siegel et al., 2003; White et al., 2010). If there was no known
information about Ladv or Ldiff the whole domain could be used and the same result would be
found, but the computational time would increase significantly. To compare the statistical and
observed data a sum of squares metric between the statistical and observed data is used. This
metric is defined as:

HI
.
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where the observed data is from the numerical model with a known Ladv and Ldiff and the
expected is from the statistical model that uses the Ladv and Ldiff generated from the prior
distribution. Ten million runs of the statistical genetic distances were generated and compared to
the numerical simulation of genetic distances. The parameter values that generated the smallest
10000 weighted sum of square distances were accepted as forming the posterior distribution.
This gives us a .1% acceptance rate for the rejection algorithm. The average of these
distributions of Ladv and Ldiff was then compared to the known values that generated the data
from the numerical model to assess the accuracy of the method.

Genetic Distances in Time
The genetic distance measured by Rousset’s a is a statistical measure of how related two
individuals in a single population are. Generally, genetic distances are measured between two
individuals separated by a physical distance, but genetic distances can be measured between
individuals separated in space and time. To measure pairwise genetic distances in both space and
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time, the genetic distance can be calculated between an individual at one location and an
individual at another location in a different generation.
When measuring pairwise genetic distances in both space and time it becomes important
to define what is upstream and what is downstream. Upstream is where parents are more likely to
come from and downstream is where offspring are more likely to end up after one generation. A
genetic distance at a positive physical distance is calculated between an individual in the present
generation and an individual in a later generation farther downstream. A genetic distance at a
negative physical distance is calculated between an individual in the present generation and an
individual in a later generation farther upstream. When there is zero-time lag, the genetic
distance between individuals upstream and downstream is the same. Therefore, genetic distances
in space with no time lag are symmetric. All pairs of individuals separated by the same physical
distance were averaged to give an average pairwise genetic distance in space and time
Comparing two individuals at different locations and at different times can lead to an
asymmetry in the pairwise genetic distances where the genetic distances downstream are
different from the genetic distances upstream. Different genetic distances upstream and
downstream only occur when the dispersal is asymmetric. When the dispersal is symmetric,
individuals are most closely related to individuals near them in the future. Therefore, the genetic
distance between an individual in the present and an individual downstream in the future will be
similar to the genetic distance between the same individual in the present and an individual
upstream in the future (figure 2). When the dispersal is asymmetric, an individual at location x in
the present is more closely related to an individual downstream from location x in the future and
less related to individuals near location x in the future. This leads to genetic distances
downstream being smaller than genetic distances upstream (figure 2). An asymmetric dispersal
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distribution leads to asymmetric genetic distances in time, while a symmetric dispersal
distribution leads to symmetric genetic distances in time (figure 2)

Results
Factors That affect the Genetic Distances in Time
To understand what the model and our data tell us about the dispersal parameters of the
population, it is important to think about the effect that dispersal would have on pairwise genetic
distances in both time and space. Overall, three processes need to be considered that could
change the pairwise genetic distances for each generation. The first is mutations, which would
cause a change in alleles and lead to a slightly different genetic distance. For a given Loci the
number of mutations at that locus after one generation would be on average 2*Ne*µ. For there to
be at least one mutation on average at that loci 2*Ne*µ=1. Therefore, for mutations to contribute
to the genetic differences in a spatially structured population under the island model the
>

mutation rate must be greater than 3∗? (Schneider et al., 2016). In a variety of species the
1

average mutation rate has been estimated at around µ ≈ 10&@ (Ji-Lun et al., 2019). Considering
this mutation rate the effective population size would have to be greater than 500,000 for
mutations to contribute to the genetic differences over one generation. In chapter 1 it has been
shown that in a population with asymmetric dispersal the effective population size can be found
*$

by NA = *"%&& ∗ H"ABC , where Hdense is the population density. In many marine environments with
!"#

asymmetric dispersal, the effective population size will not be large enough to allow for
mutations to contribute to the genetic differences after one generation (Wares & Pringle, 2008).
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Therefore, when calculating genetic distances in time, in the low mutation limit, the effects of
mutation will not matter to the statistics of the genetic distances in time.
The second process that affects the pairwise genetic distances in time is the dispersal
distribution. Assuming a known dispersal distribution two things can happen to the genetic
distances in future generations. First, for a symmetric dispersal distribution with an average
location of offspring staying at the same location and a random variation of offspring moving
away from their parent (non-zero Ldiff and Ladv=0), the genetic distance versus physical distance
will be more spread out when there are more generations between sampled populations when
compared to fewer generations (figure 2). Due to the random variation in parent to offspring
distances the population becomes more homogenous over time. As the population becomes more
homogenous the genetic distances become nearly the same and therefore make the genetic
distance versus physical separation curve tend to flatten out. This feature is present in Figure 2,
where the left graph shows the genetic distance versus physical separation for populations with a
symmetric dispersal (Ladv=0) and separated by one and five generations respectively with a
standard deviation of 10. When the time between samples is 5 generations, the genetic distance
versus physical distance curve is more spread out when compared to when the time between
samples is 1 generation. Another important feature of symmetric dispersal is that the distance of
the minimum genetic distance is always at 0 physical separation. The distance of the minimum
genetic distance is the physical separation that gives the smallest genetic distance. Since
offspring are on average 0 units away from their parent each generation it would be expected that
the individual most closely related to you in the next generation would be at a separation of 0
units. Therefore, after each generation, the individuals that have the smallest genetic distances
will be at a physical separation of 0.
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When there is a mean downstream dispersal of larvae (Ladv) in addition to the stochastic
spread (Ldiff), the minimum genetic distance as a function of separation no longer occurs at zero
separation. Instead, the distance of the minimum genetic distance will be shifted downstream
(figure 2). The distance of the minimum genetic distance shifts downstream an average distance
of Ladv each generation because after one generation, the average children of a parent are Ladv
downstream, Therefore, the distance of the minimum genetic distance after one generation would
be at a distance of Ladv downstream. As the generations move forward in time, the distance of
this minimum will keep shifting a distance of Ladv further downstream from the previous
distance, and thus after n generations, the minimum genetic distance will be at a physical
distance of n*Ladv.
The third process that will affect the genetic distances is sex. As individuals mate and
have offspring, on average, half of the alleles of the offspring will come from each parent. Due to
alleles coming from both parents the genetic distance of the offspring to individuals in the
previous generation will be the average of the genetic distances of the parents. Therefore, sex
creates a random variation in the magnitudes of genetic identity as the generations move forward
and may need to be accounted for in calculating genetic distances in time and space.
When discussing genetic distances in space and time is important to consider the number
of generations between samples. Eventually, after enough generations, the distance of the
minimum genetic distance will be shifted out of the population’s habitat length. Then the
individuals will have genetic distances in time that suggest that they are equally related
regardless of distance. The distance of the minimum genetic distance is shifted a distance of Ladv
downstream each generation. If the number of generations between the two populations is greater
than L/Ladv, then the minimum genetic distance will no longer be resolved when comparing
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genetic distances versus physical separation. Therefore, looking at the genetic distance versus
physical separation in space and time for large time differences will eventually give no
information about the dispersal statistics.

Analytical Mean and Standard Deviation of Genetic Distances in
Time
When there is no sex and in the low mutation limit the average pairwise genetic distance
in space and time can be found analytically from the dispersal distribution and a starting
population. The main dynamic that changes the pairwise genetic distances in time is the
movement of offspring to different locations throughout the domain. As a result, the pairwise
genetic distance between two individuals at a given spatial distance and separated by one
generation will be the same as the pairwise genetic distance of the individual in the earlier
generation and the parent of the individual in the later generation. There is no way of knowing
exactly which individual was the parent of which offspring in the next generation, but we can
look at where the average parent came from and calculate the average pairwise genetic distances.
Finding the one generation genetic distance between two individuals depends on both the
location of the parent of the individual in the future generation and the genetic distance of that
parent to the individual in the previous generation. The location of the parent is found using the
dispersal distribution g(x, y), which is the probability an individual at location x had a parent at
location y. The genetic distance between two individuals at locations x and y with a separation in
time of n generations is defined as an(x, y). The gray data, in Figure 3, shows the distribution of
the genetic distances between two individuals at a time lag of 1 and 5 generations as a function
of the separation between the individuals. In Figure 3, for any given physical separation an(x, y)
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is not a single value but a random value that has a mean and some variation around that mean.
Since an(x, y) only occurs at discrete length values, an(x, y) can be treated as a discrete random
variable. Since for a given separation, the pairwise genetic distances are discrete random
variables the average one generation genetic distance at a given x and y can be derived from the
principles of discrete random variables. The average one generation pairwise genetic distance
between individuals at locations x and y will be the sum of the probabilities of all possible
parent’s multiplied by their pairwise genetic distance in the previous generation and results in,

𝐸(𝑎D)> (𝑥, 𝑦)) = ∑E 𝑔(𝑥, 𝑧) ∗ 𝑎D (𝑧, 𝑦).

(5)

This gives the average genetic distance one generation into the future as a weighted average of
the genetic distances in the previous generation, where the weight is the probabilities from the
assumed dispersal distribution. All pairs of individuals with the same distance between them can
be averaged together to give the average one generation pairwise genetic distances in space.
The standard deviation of an(x, y) can be derived using similar techniques. Given that
an(x, y) is a random variable and g(x, y) is the weighted probability the standard deviation of the
1 generation, lagged genetic distances can be calculated by taking the square root of E(x2) minus
E(x)2. Using this definition gives the one generation standard deviation of genetic distances as:

𝑆𝑇𝐷(𝑎D)> (𝑥, 𝑦)) = HI 𝑔(𝑥, 𝑧) ∗ 𝑎D (𝑧, 𝑦)3 − ( I 𝑔(𝑥, 𝑧) ∗ 𝑎D (𝑧, 𝑦))3
E

(6)

E

This expression gives the amount of variation in genetic distances for 1 generation. Taking all
the pairs of individuals with the same separation between them, summing the square of all the
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genetic distances, and taking the square root divided by the number of pairs gives the standard
deviation of the one generation genetic distances in time and space.
To show the accuracy of equation 5, the simulation was run for one generation without
sex and with µ=10-6 starting from the equilibrium population. This was done 10000 times and the
one generation genetic distance versus physical separation was plotted for each of the 10000
populations. Figure 3a shows the results of these 10000 runs. Each gray line represents a single
population, and the thick black line is the average of all 10000 populations. The red line is the
analytical average derived in equation 5 and is a very close match to the average of the 10000
populations. Therefore, we can conclude that equation 5 is what the average 1 generation genetic
distances converge to.
The accuracy of equation 6 can also be checked in Figure 3a. The blue lines in Figure 3,
are a measure of three standard deviations away from the mean. According to Chebyshev’s
inequality, assuming no knowledge of the distribution of the data at least 1-1/k% of the data
should lie within k standard deviations of the mean (Tchébychef, 1867). For 3 standard
deviations that means at least 89% of the genetic distance curves should be between the blue
curves. From figure 3 more than 89% of the data does fall within the 3 standard deviations when
calculated using equation 6. Equation 6 does represent the standard deviation of the one
generation genetic distances in time.
The results from equations 5 and 6 can be extended to multiple generations by using the
pairwise genetic distances from the 0th time-lagged sample and the probability that an individual
at location x came from location y, n generations ago. The probability of having an ancestor that
came from location y, n generations ago, can be found using the dispersal distribution g(x, y).
The nth generation distribution can be found by taking the one generational probability raised to
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the n power because the probabilities form a Markov chain when starting from the 0th generation.
The average nth generation pairwise genetic distance is then,
(7)

𝐸(𝑎D (𝑥, 𝑦)) = ∑E 𝑔(𝑥, 𝑧)D ∗ 𝑎F (𝑧, 𝑦) .
Similarly, the standard deviation of the nth generation pairwise genetic distances can be found
as,
𝑆𝑇𝐷(𝑎D (𝑥, 𝑦)) = b∑E 𝑔(𝑥, 𝑧)D ∗ 𝑎F (𝑧, 𝑦)3 − ( ∑E 𝑔(𝑥, 𝑧)D ∗ 𝑎F (𝑧, 𝑦))3

(8)

.

Figure 3b verifies the use of equations 7 and 8 as the mean and standard deviation
for genetic distances calculated over more than one generation. Like figure 3a, figure 3b is 10000
runs of the model from equilibrium without sex and with µ=10-6, but for 5 generations instead of
1. These two curves contain most of the data and match the shape of the data as in the single
generation results. As a result, equations 7 and 8 can be used to generate the average and
variation in genetic distances for any number of generations.
The average and standard deviations derived in equations 5-8 are conditional on the
starting pairwise genetic distances that are used. Two different populations would have different
0th time-lagged pairwise genetic distances and therefore different averages and standard
deviations in their pairwise genetic differences after n generations. Therefore, the product of the
dispersal distribution and the 0th time-lagged pairwise genetic distances is a conditional process
that is based on the genetic distances in the 0th time-lagged population which captures the
stochasticity in the population up to the point that the 0th generation data was collected.
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Approximate Bayesian Computation (ABC) Rejection Results
To estimate the parameters of the dispersal distribution (Ladv and Ldiff) a rejection-based
Approximate Bayesian Computation algorithm was used. As presented below, the algorithm
would require the alleles of every individual in a population over multiple generations. In
subsequent sections, we examine what happens when we relax this requirement.
In the results below, a real-world population was not used. Instead, a population was
simulated from the numerical model to genetic equilibrium for a known Ladv and Ldiff. The 0th
generation pairwise genetic distances were then calculated from the population at equilibrium.
The population was then simulated for one more generation without sex and in the low mutation,
limit to give a future population. The simulation of the equilibrium population 1 generation in
time was done multiple times to simulate multiple 1 generation samples. The multiple 1
generation samples were then averaged together to give a single average 1 generation sample. As
the numbers of the 1 generation samples increase, the average converges to that derived from
equation 5 (figure 3a). Therefore, more 1 generation samples will generate a single sample that is
closer to the expected pairwise genetic distances from equation 5.
For each 0th generation sample, the mean and standard deviation of the one generation
genetic distances were calculated from equations 5 and 6. Equations 5 and 6 require knowledge
of the dispersal parameters Ladv and Ldiff for the dispersal distribution. Since these are unknown
for the population, a random Ladv and Ldiff can be generated from a random distribution. This
distribution is known as the prior distribution. Given knowledge about the dispersal parameters,
one distribution may be a better prior distribution over another. In the results below, a uniform
prior was chosen because it represents the worst-case scenario where there is no prior
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information about the distributions of Ladv and Ldiff. A uniform prior means that all values of Ladv
and Ldiff within the given interval have the same probability of being chosen to generate the
expected pairwise distances. Given more data about the biophysical movement in the
population’s habitat, a different and more suitable prior might be chosen in practice. The length
of the uniform distribution was limited from 0 to one-quarter the length of the domain. This was
done because the known values of Ladv and Ldiff were not bigger than a quarter of the domain
length.
For each pair of Ladv and Ldiff from the prior distribution, the sum of squares metric
between the 1 generation sample and the expected data can be calculated. The expected pairwise
distances and standard deviations from equations 5 and 6 were used to calculate the sum of
squares metric between expected data to the sample data. The comparison was done using the
weighted sum of squares difference (equation 2). The smaller the weighted sum of squares, the
closer the expected data was to the sample data. Therefore, the Ladv and Ldiff that were used to
generate the expected data were likely similar to the actual Ladv and Ldiff that generated the
sample data.
One million pairs of parameters are drawn from the prior distribution and the 1
generation estimates are generated for each pair from equations 2 and 3. Of the one million pairs
of parameters, only .1% of the parameters with the smallest weighted sum of square differences
were accepted. Increasing the acceptance rate would result in the distributions of Ladv, and Ldiff
that converge to the prior distribution and would not give any information on the actual value of
the parameters. The accepted Ladv and Ldiff values form the distribution of the probability of each
parameter given the data. The distribution of Ladv and Ldiff, given the data, is known as the
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posterior distribution. The average of each posterior distribution along with standard error was
calculated and compared to the true values of Ladv and Ldiff.
Using the analytical results derived in equations 5 and 6, an Approximate Bayesian
Computation (ABC) rejection algorithm was applied to estimate the parameters Ladv and Ldiff.
The ABC Rejection algorithm, as described above, calculates the distribution of the probability
of the parameters Ladv and Ldiff given the 1 generation sample data from the population. The
parameters are sampled from a uniform prior distribution and used to calculate the estimated
average pairwise genetic distances and the standard deviation using equations 5 and 6. The
estimated data and the sample data are compared using the weighted sum of squares difference
(Equation 2).
The distribution of the parameters is not accurate when only using a single sample in time
(figure 4). For a single sample in time the region with the smallest weighted sum of squares
differences only sometimes contained the true value of Ladv and Ldiff. The region of smallest
difference corresponds to values of Ladv and Ldiff that are most likely to be a part of the posterior
distribution. For a single sample, the region of the smallest difference is not always centered on
the true values of Ladv and Ldiff because the sampled one-generation genetic distances are
stochastic. As the number of samples in time is increased the region of smallest differences tends
to center around the true values of Ladv and Ldiff (figure 4). This is because equation 5 calculates
the average 1 generation genetic distances in time and the statistical data will be closer to the
sampled data when the sampled data contains more samples. Therefore, the posterior
distributions of the Ladv and Ldiff were calculated for samples averaged from 5-,10-, 100- and
500-time samples and not from single-time samples. For this model with limited loci and small
population size further temporal samples are needed to see how the error decays. In a population
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with higher density or with more loci, the number of temporal samples needed to obtain
reasonable estimates will be less than those seen in this model.
When using multiple samples in time, the posterior distribution of the parameters was
centered on the true values of Ladv and Ldiff (figure 4). Therefore, by taking multiple generational
samples of the data the estimation of the Ladv and Ldiff can be found from the posterior
distributions. The average of the posterior distribution would be the best estimate of each
parameter and the root mean square deviation would give a sense of the error in the estimate
from the posterior (figure 5). For this model part of the error that occurs for a small number of
temporal samples is due to the limited number of loci used and the small population density. It
will be discussed below how estimates can be made with a manageable number of temporal
samples in the real world. Under this limited model with only 5 temporal samples the error in
estimating Ladv is about 7% error and the error in Ldiff is about 11% error.

Effect of Population Size and Number of Loci
The size of the populations used in the results above is very small in comparison to
populations observed in real life. Although the methods above were applied to small populations
due to computational time and resources, they would work well given any size population. As
the density of the population increases, the magnitude of the genetic distances’ decays
proportionally (figure 6). A population that is twice as dense as another population will have
genetic distances that are half as large overall comparatively. This is because in one generation
there will be less genetic change due to random drift in a larger population than in a smaller
population (Hartl & Clark, 1997). The lack of genetic change in larger populations leads to the 1
generation genetic distance curve that is flatter than in a smaller population, but the minimum
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genetic distance will still be at the same distance. Another important feature to note is as the
population density increases the standard deviation of the one generation genetic distances
decreases. This smaller standard deviation would lead to less error when used in the ABC
rejection algorithm. Overall, the methods developed above will still be valid in larger
populations and have the same amount or better accuracy if enough temporal samples are used.
The important aspect of the methods above is that the one generation analytical mean and
standard deviation of the population only relies on the genetic distances from the starting
population. No matter the size of the population the analytical results will still hold and can be
used in the approximate Bayesian algorithm to generate estimates of Ladv and Ldiff.
Another factor that plays a role in being able to resolve the distance of the minimum
genetic distance is the number of loci used. As the number of loci increases, the standard
deviation of the one generation genetic distances decreases (figure 6). With less variation
between samples, the stochasticity in the data will decrease. With less stochasticity, the statistical
model will be able to fit the numerically simulated data giving more accurate results. Thus, when
using more loci, the error in the approximate Bayesian algorithm will be decreased because of
the smaller variations.
Overall, when the population density is high, or the number of loci used is large the
variation in the one generation genetic distances is decreased. The smaller the variations in the
genetic distances the fewer samples that are necessary for the approximate Bayesian computation
method to accurately estimate the parameters. In a realistic population, the population density
and number of loci sampled would be much greater than seen in the model presented here.
Therefore, real-world estimates could be better than the estimates presented here.
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Effect of Spatial Sampling
An important aspect to take into consideration is the effect of spatial sampling on the
posterior distributions of the approximate Bayesian computation rejection method. The results
above are from when sampling the entire population, but in real life, this will be impractical;
most often samples will be separated in space. It is important to know if the minimum genetic
distance can be resolved from the data when the population is sub-sampled. When only taking
genetic samples at certain locations throughout the population’s habitat, the one generation timelagged genetic distance versus physical distance curves change based on the available data
(Figure 7). When the distance between population samples is less than or equal to Ladv and the
samples are from one generation in time, the distance of the minimum can be resolved. When the
population is sampled at a distance larger than Ladv after one generation the distance of the
minimum genetic distance cannot be well resolved from the data. There exists a set of values all
with the same smallest genetic distance (figure 7). The set of smallest genetic distances occurs
because in one generation individuals move on average a distance of Ladv, and samples separated
by Ladv would not resolve the shift. If you were to calculate pairwise genetic distances at a time
lag of n generations then the population would have to be sampled in space at a distance less than
n*Ladv for the minimum to be able to be resolved correctly. More data that is collected in time
would allow for fewer spatial samples if the distance of the minimum genetic distance could be
resolved accurately.
When sampling at spatially separated sites, information about the population is lost. The
larger the distance between samples the more information that is missing. Using this coarse data
with equations 5 and 6, that use samples of the existing population to predict the future distribution
of the genetic distances as a function of physical distance, will lead to less accurate predictions.
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To make the predictions of the equations and the ABC method more accurate, and account for this
under-sampling, new information about the population can be created from the sampled
individuals.
The ABC method described above uses the alleles of the starting population to calculate
the initial genetic distances. One way to try and account for the effects of undersampling in the
statistical model is to add individuals to the starting population based on the alleles of the
sampled individuals. To do this for every point that has not been sampled, individuals are created
for the unsampled locations by randomly sampling alleles from the closest two sampled points.
The number of alleles that are received from the sample points is determined by the distance the
new point is from each of the sample points, with the new individuals having alleles that are a
linearly weighted average of the two sampled individuals. The weighting allows the closer
sampled individual to contribute more genes than the father individual. This is consistent with
the results shown in Figure 7, where genetic distance away from the minimum increases linearly
with separation. The new population will be the same size as the starting population and acts as
the initial population for the statistical model. From this new population, the pairwise genetic
distances for the starting generation can be calculated and the ABC method can be run to
estimate Ladv and Ldiff. When doing this some error is introduced into the statistical model
because of the new individuals being more related to the sampled individuals than expected
(figure 8). When the sampling is larger than Ladv after one generation there are two sources of
error. First, the distance of the minimum genetic distance cannot be resolved. There is also an
error from the reduced number of samples at larger physical distances (figure 8). If the sampling
distance is kept less than or equal to Ladv after one generation the minimum can be resolved, and
the error will be reduced.
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When the statistical model is used on the new population error in the estimates from the
posterior distribution of the ABC rejection algorithm will be introduced because of the spatial
sampling scheme. When the samples are taken every x meters, and x is greater than Ladv for one
generation, the posterior distribution does not estimate either parameter well (figure 9). When
sampling greater than Ladv units in space for one generation, the estimates for Ladv and Ldiff, for a
population of 100 individuals with 50 loci, has over 300% error. If samples were taken over n
generations, then a sampling distance greater than n*Ladv would lead to similar results. When the
sampling size between individuals gets smaller than Ladv after one generation the posterior
distributions of Ladv and Ldiff do tend to center around the true values of the parameters and the
error decreases faster. When the sampling scheme cannot resolve n*Ladv there is a large error in
the estimates of the parameter (figure 9). Therefore, when sampling in space after n generation
the sampling distance should be less than n* Ladv to reduce the error in the estimates of both
parameters.

Discussion
When there is low mutation and no sex in a population the mean and standard deviation
of the genetic distances for a given physical separation can be found exactly. The results
presented above show that this exact solution can be used to create a distribution of the possible
dispersal parameters. From this distribution, estimates of the dispersal parameters can be made
along with the standard error. The number of loci used, and the population density reduces the
standard deviation of the one generation genetic distances. This in turn leads to less stochasticity
in the data which can lead to more accurate estimates of the parameters from the ABC methods.
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An Approximate Bayesian Computation Rejection algorithm can be used to generate
posterior distributions that center around the true values of the dispersal parameters but are
vulnerable to the sampling scheme. When the spatial resolution of sampling is greater than Ladv
the posterior distribution does not estimate Ladv nor Ldiff well. The relative error in the estimates
for a population of 100 individuals with 50 loci is over 300% when sampling at a distance
greater than Ladv. When n*Ladv cannot be resolved when sampling there is a large error in the
estimates of Ladv and Ldiff. The statistical model above does not fully negate the problem of under
sampling when sampling in space. Because of the under-sampling, the ABC estimates of Ladv
and Ldiff will be largely inaccurate when sampling a distance greater than Ladv in one generation
or greater than n*Ladv after n generations.
When considering sampling a real-world population the distance at which samples need
to be taken will depend on the size of Ladv. It has been shown that Ladv=U*PLD, where U is the
mean velocity of the currents and PLD is the time in the plankton (Byers & Pringle, 2006; Siegel
et al., 2003). The range of current velocities along the coast has been estimated at roughly .05ms1

< U < .2ms-1 (Beardsley et al., 1985; Winant et al., 1987) Converting to km/day gives a range

of current velocities of 4km/day < U <18km/day. The time in plankton has been shown to be
bimodal with short PLD ranging from less than a day to others ranging from weeks (ÁlvarezNoriega et al., 2020; Shanks et al., 2003). Therefore, we can analyze the size of Ladv and the
necessary spatial sampling by considering a short PLD of 0.5 days and a long PLD of 20 days.
These are typical values and are not exhaustive of all possible PLDs in the oceans but are
representative of many common species. Putting the mean velocity of the currents along with a
short PLD leads to 2km<Ladv<9km and using a long PLD leads to 80km<Ladv<360km. When the
PLD is short the resolution of the spatial sampling will have to be around 5 km on average for
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the estimation method described above to work well. When the PLD is long the resolution of
spatial sampling will have to be around 220km on average for the estimation method to work
well.
When taking temporal samples, a single sample also does not produce reliable results but
increasing the number of temporal samples and averaging them produces more accurate results.
When using 5 samples in time with 50 diploid loci and 100 individuals, the average of the
posterior distribution produces 6.4% and 11.1% relative error for Ladv and Ldiff respectively.
When the number of temporal samples is increased to 500 the relative errors in Ladv and Ldiff are
reduced to .45% and 1.2% respectively. Therefore, a tradeoff needs to be made when applying
this to real populations. An increase in the number of loci or the population density with 5
temporal samples could give similar results to sampling for hundreds of generations.

Effects of Sexual Reproduction
The analytic results derived above are made under the assumption of an asexual
population. Many real-life populations have sexual reproduction and produce offspring with a
random combination of alleles from each parent. Sexual reproduction can be considered as a
secondary dispersal event where the alleles of the parents are dispersed to offspring based on the
mating scheme. Each allele of the offspring will have a dispersal distance based on which parent
that allele came from and so this adds another step to the dispersal event. When there is sexual
reproduction between nearest neighbors the secondary dispersal event occurs over one unit
interval. As Ladv and Ldiff get larger than the magnitude of this secondary dispersal event the
results from our model will not change. However, when sexual reproduction creates a secondary
dispersal event that is similar in magnitude to the dispersal statistics it would have to be
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accounted for in the statistical model to obtain similar results as presented here (figure 10). When
sexual reproduction produces a secondary dispersal event that is one-sixth the size of Ldiff there is
an increased error in Ldiff (figure 10). However, when sexual reproduction produces a secondary
dispersal that is one-quarter the size of Ladv the results of estimation remain unchanged.
Therefore, when the secondary dispersal event generated by sexual reproduction has a similar
magnitude as Ldiff it will generate estimates that have larger error.

An Alternative to IBD Estimates
It has been shown that when an asymmetry is present in the direction of gene flow
isolation by distance methods fails to capture the asymmetry and begin to give overestimates of
the variation (Teller & Pringle, 2022). Isolation by distance focuses on pairwise genetic distances
between populations or individuals in a single generation and gives a single estimate which is the
IBD slope. This slope can only determine one parameter uniquely and not the two parameters
that are present when there is an asymmetry. By comparing pairwise distances in time and space,
the above results show that both the mean downstream transport and the standard deviation
around that mean can be estimated. The derivation of the analytical mean and standard deviation
of the pairwise genetic distances in space and time gives a way to determine what set of
parameters might have generated the genetic distance data that was collected from the
population. The methods described above can also be used when there is no asymmetry in the
dispersal distribution. The analytical expressions for the mean and standard deviation of the
pairwise genetic distances only rely on the dispersal distribution which can be symmetric or
asymmetric.
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Comparison to Parental Analysis
One technique that provides robust dispersal estimates even with mean downstream
dispersal is Parental Analysis (Bode et al., 2016). Under parental analysis methods, a parental
and an offspring population are sampled. Each offspring are assigned to the location of a parent
based on the parent that has the highest genetic relatedness (Jones et al., 2010). Dispersal
distances are determined based on the average distance between parent and offspring. Dispersal
distances measured from parental analysis are sensitive to the parent of an offspring being
present in the sample population (Bode et al., 2016). Parental analysis relies on the fact that the
parent of each offspring has been sampled and does not scale well with large population sizes.
The work here does not rely on the parent and the offspring being in the sample, but only relies
on the genetic distances between sampled individuals. This does come with the caveat that if not
enough individuals are sampled or the sampling scheme is too coarse the approximation method
will no longer produce adequate results.

Conclusion
The derivation of the analytical results presented above gives a way to estimate dispersal
parameters using pairwise genetic distances in time and space. The genetics of a population does
evolve both spatially and temporally, so by looking at both aspects more information about the
dispersal potential of a population can be concluded from the genetic data. While sexual
reproduction is not included in the derivations above, sexual reproduction disperses the alleles of
the two mating individuals randomly to the offspring. Since the offspring will have genes from
both parents, the dispersal distance from each parent to the offspring will be slightly different, since the
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parents are in different locations. This difference in location between the two parents is, effectively, a
random dispersal step.

The approximate Bayesian method described above does not work well when the
population is sampled at a distance greater than Ladv in space after one generation or greater than
n*Ladv after n generations. This is because the distance of the minimum genetic distance becomes
unresolved when the data is too coarse. When sampling in space greater than Ladv after one
generation the relative error in the estimates gets larger than 100%. The error involved in spatial
sampling could be reduced by using more loci or having a higher population density, but only
when using sampling distances smaller than n* Ladv after n generations.
An extension of the methods described above could be researched by using summary
statistics of the average one generation genetic distance versus physical distance curve. The ABC
method above tries to compare every genetic and physical distance and weighs them by the
standard deviation. When there is spatial sampling or sexual reproduction the physical distances
have an average genetic distance that is different from anything produced by the statistical
model. One thing that does remain true is the distance of the minimum genetic distance though.
This along with several other characteristics of the one generation genetic distance curve could
be used to reduce the number of data points needed to compare and create better estimates of Ladv
and Ldiff.
These results help to show the importance of both spatial and temporal sampling,
especially when the dispersal may be asymmetric. Having both spatial and temporal data allows
the estimation of Ladv and Ldiff, along with more complex population demographics. The
extension of these results to more complex population structures is a future area of research. The
distance of the minimum genetic distance could be used over multiple generations to achieve
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more accurate results when the population deviates from the basic assumptions made above. This
does lay the groundwork for better estimators of dispersal but also shows the importance of both
spatial and temporal data when estimating asymmetric dispersal.
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Figures

Figure 1 Resulting dispersal when there is asymmetric dispersal. P represents the parent’s
location while the distribution represents possible offspring locations.
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Figure 2 Genetic distance versus physical separation for 1 and 5 generations with and without an
asymmetry. The genetic distances were calculated from the numerical population model of 100
individuals and 50 loci. The genetic distances are calculated between a population at stochastic
equilibrium and a simulated population in a later generation. A positive physical distance means
that the individual in the later generation is downstream of the individual in the present
generation. When there is no asymmetry (left figure) as the time between populations gets larger
the time the genetic distances increase and spread out. With an asymmetry present (right figure)
the distance of the minimum genetic distance is shifted by the number of generations multiplied
by Ladv, and all genetic distances are more spread out for a larger number of generations.
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a)

b)
Figure 3 One and five-generation genetic distance versus physical distance in time from 10000
runs of the one-generation model without sex for a population of 100 individuals with a Ladv=4
and a Ldiff=6. A positive physical distance means that the individual in the later generation is
downstream of the individual in the earlier generation. The gray lines are the 10000 model runs.
The black line is the average of those 10000 runs. The red line in a is the analytical average
calculated from equation 1. The red line in b is the analytical average calculated from equation 6.
The blue lines represent the average plus 3 standard deviations and the average minus 3 standard
deviations using the analytical result from equation 8 in a and equation 7 in b.
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Figure 4 Contour plot of the sum of square differences between the statistical model and a
sample from the numerical model for a range of Ladv and Ldiff values from a population of 100
individuals with 50 diploid loci. The top row is 3 different single one-generation temporal
samples from the numerical model. The bottom row is averages of 5, 10, and 100 one-generation
temporal samples from the numerical model. The red cross is the true value of Ladv and Ldiff. For
any single population, the region of the smallest distance is not necessarily centered around the
true value. Once the samples are averaged the region of smallest differences does tend to center
around the true value.
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Figure 5 Average of posterior distributions of Ladv and Ldiff and relative error for different sized
temporal samples. The error bars represent the root mean square deviation. As the temporal
sample size increases the distribution tends to be centered around the true values of Ladv and Ldiff
of 4 and 6 respectively. Also, the relative error decreases with increasing temporal samples.
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Figure 6 Physical distance versus genetic distance with 1 generation in time for varying
population densities and number of loci. As the density increases the magnitude of the genetic
distances decreases proportional to the population density. As the number of Loci increases or
the population density increases the standard deviation of the genetic distances decreases,
leading to less variability in the samples.
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Figure 7 Average one generation genetic distance versus physical distance for spatial sampling
schemes of 2,4,10 units in a population of 100 individuals with a Ladv=4 and Ldiff=6.The onegeneration samples were generated from the full numerical model and sampled according to the
sampling scheme. Sampling beyond Ladv causes the distance of the minimum genetic distance to
become unresolvable.
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Figure 8 Physical distance versus one generation genetic distances in time for data sampled 2,4,
and 10 units is space for a population of 100 individuals with Ladv=4 and Ldiff=6. The blue curve
in each graph represents the average one-generation genetic distances when sampling in space
from the numerical model. The red curve represents using the statistical model with a population
of sampled individuals that tries to account for the undersampling. The statistical model fits the
numerical results reasonably well when sampling 2 and 4 units in space but not for sampling 10
units in space.
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Figure 9 Estimates of Ladv and Ldiff from the posterior distribution and relative errors for different
relative sampling distances in space. The relative sampling distance is the distance between
samples taken divided by Ladv. When the relative sampling is a distance greater than one the
posterior no longer centers around the true values of Ladv=4 and Ldiff=6.The error increases more
in both parameters when sampling a distance greater than Ladv in space.
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Figure 10 Effect of sex with different dispersal parameters in a population of 500 individuals.
The red crosses are the true values of Ladv and Ldiff. The error bars are the root mean square
deviation of the estimates. In the right panel when Ladv is four times greater and 20 times greater
than the secondary dispersal of sex the estimates are still reasonable. In the left panel when Ldiff
is only 4 times the secondary dispersal of sex the estimate of Ldiff becomes greatly overestimated.
When the Ldiff becomes 30 times as large as the secondary dispersal of sex the estimate works
well.
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Chapter 5
Concluding Remarks
This thesis addresses the effects that asymmetric dispersal has on the genetic diversity of
a population and how dispersal is estimated. When there is an asymmetry in the dispersal
distribution there are at least two parameters of interest, the mean downstream distance (Ladv),
and the standard deviation of dispersal distances (Ldiff). We show that the genetic diversity is
greatly reduced in most habitats with asymmetric dispersal. This reduced diversity is dependent
on dispersal parameters Ladv and Ldiff, which define the size of an upstream source region. When
the dispersal is asymmetric existing techniques that rely on isolation by distance fail to estimate
the parameters Ladv and Ldiff. We have developed new statistical methods for estimating Ladv and
Ldiff that consider the possible asymmetry in the dispersal distribution. These new techniques are
based on looking at genetic samples in both time and space and suggest that if there is an
asymmetry in dispersal both types of data are necessary to estimate the dispersal parameters.
In chapter 2, the genetic diversity of a population is analyzed by a backward in time
process known as the coalescent. A backward in time numerical model is developed to find the
time and location of the most recent common ancestor for a gene in a finite linear population
with asymmetric dispersal. The genetic diversity of the population is shown to be dependent on
both Ladv and Ldiff. The asymmetric dispersal causes an upstream region of the population to
become a source region for the rest of the population. This means that genes that survive to the
next generation in this region are most likely going to become fixed in the rest of the population.
The length of the upstream source region is a function of both Ladv and Ldiff. Using the length of
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this source region and the population's density, first-order accurate equations are derived for the
time and location of the most recent common ancestor based on the Kingman coalescent. These
equations are compared to the numeric simulation to show that they are accurate when the source
population is smaller than the census population. In the case where the source population
becomes larger than the census population, the time and location of the most recent common
ancestor follow what would be expected from the Kingman coalescent. These results imply that
to be able to help maintain the genetic diversity of populations with asymmetric dispersal the
size of both the average distance downstream and the standard deviation is necessary.
In Chapter 3, the effectiveness of existing genetic techniques is analyzed to determine if
these estimates are still accurate when there is asymmetric dispersal. Existing genetic techniques
to estimate dispersal have been developed under the assumption of symmetric dispersal. They
rely on the idea of the isolation by distance slope and measure the variation of the dispersal
distribution which is termed dispersal distance. The isolation by distance slope is the slope of
physical distance and genetic distance in a population. The isolation by distance slope gives a
single estimate of distance and therefore would not be a good estimator when there are multiple
dispersal parameters to estimate.
A numerical model was developed to generate a population under asymmetric dispersal
at mutation drift balance. The numerical simulation was used to create a population from which
the isolation by distance slope was calculated to find the dispersal distance of the population.
When there is no asymmetry in the dispersal distribution isolation by distance slopes gave
estimates that matched the variation of the dispersal distribution. When there was an asymmetry
in the dispersal distribution the isolation by distance slope was at best an overestimate of the
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variation of the dispersal distribution and said nothing about the average downstream distance.
The isolation by distance slope also was not able to estimate the root mean square distance of
parents and offspring which is a function of both Ladv and Ldiff. Therefore, new techniques are
needed to analyze both parameters of the dispersal distribution.
In chapter 4 a new statistical estimating technique is developed to measure both Ladv and
Ldiff in any population. The key to this new technique is looking at genetic distances in both time
and space. The isolation by distance slope that is used in existing techniques only measures
genetic distance versus physical distance in space in the same generation. In this chapter genetic
distances are analyzed in both time and space to show how spatial and temporal data can help
generate estimates of both Ladv and Ldiff. To generate the estimates first equations for the mean
and standard deviation of generic distances in time and space are analytically derived for a
population with a given Ladv and Ldiff. These analytical equations are compared to numerical
simulations to show their accuracy. Using the equations for the mean and standard deviation of
genetic distances in time a statistical model was generated and used as the basis for an
approximate Bayesian computations method. The approximate Bayesian computation (ABC)
method generates an estimate of the distributions of Ladv and Ldiff. The accuracy of these
estimates was analyzed when using multiple time samples and when decreasing the number of
spatial samples, as well as increasing the number of loci used. The more time samples and the
more loci that were used the more accurate the ABC method was. When comparing a population
in time after n generation and using spatial samples that were smaller than n*Ladv units in space,
the error in the ABC method is decreased. Therefore, the spatial sampling must be fine enough
so that the minimum genetic distance can be resolved. The ability of these new techniques to
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estimate both Ladv and Ldiff shows the need for more data to be collected both spatially and
temporally.

Future Work
The estimation methods described above are heavily dependent on large numbers of
samples in time and space. There are several ways that the method could be improved upon to
reduce the number of samples. One way would be to summarize the genetic distance data into
measures that are sufficient to estimate Ladv and Ldiff. Two measures that might be helpful to
consider would be the distance of the minimum genetic distance and the slope of the genetic
distances away from the minimum. These two measures would be good candidates because the
distance of the minimum genetic distance is influenced by Ladv. The slope away from the
minimum would be an indication of the spread of the genetic distances in time and therefore
would be influenced by Ldiff. Being able to reduce the number of data points that are compared in
the ABC method would make the results more accurate, robust, and plausible to do in the field.
The second way the results from the ABC methods could be improved would be by using local
linear regression instead of a rejection algorithm. This would replace the rejection scheme with a
local regression that updates how close the statistical and numerical data are.
The results above are all derived in a finite linear habitat. Not all populations with
asymmetric dispersal exist in a linear habitat. Many populations exist in a two-dimensional
habitat. Spores that are dispersed by the wind over a landscape or larvae dispersed in the open
ocean are examples. An extension of this thesis would be to investigate the implications of
genetic diversity and the estimation of dispersal in a more general two-dimensional habitat.
Looking at the limit as one of the dimensions goes to zero should give the same results as
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derived in this thesis. In a two-dimensional habitat, it would be expected that there would still be
a source region but where and how big the source region is for a given population would be a
question to investigate.
Another step in the study of asymmetric dispersal would be to test the limits of our model
and the results in the field. To do this we would search for data sets that meet the assumptions
above. Meaning the population lives in a linear habitat and there is both spatial and temporal data
available. First data sets that are known to have symmetric dispersal distributions could be used
to test our estimator. In these cases, the estimate for Ladv should be close to zero and Ldiff would
be the variation in parent-offspring distances. Then data sets that have asymmetric dispersal
could be used to estimate the values of both Ladv and Ldiff and compare them to previous studies.
We could also test how close to linear the population has to be for our methods to be valid.
Therefore, we would test our model on two-dimensional populations and determine what size
difference between the two dimensions is needed for our methods to still be applicable. Lastly,
realistic data is also not very coarse in either space or time. Thus, our method could be tested
within the limits of realistic-sized data.
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